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ABSTRACT

Multi-objective reinforcement learning (MORL) seeks policies that effectively
balance conflicting objectives. However, presenting many diverse policies with-
out accounting for the decision maker’s (DM’s) preferences can overwhelm the
decision-making process. On the other hand, accurately specifying preferences in
advance is often unrealistic. To address these challenges, we introduce a human-in-
the-loop MORL framework that interactively discovers preferred policies during
optimization. Our approach proactively learns the DM’s implicit preferences in real
time, requiring no a priori knowledge. Importantly, we integrate this preference
learning directly into a parallel optimization framework, balancing exploration and
exploitation to identify high-quality policies aligned with the DM’s preferences.
Evaluations on a complex quadrupedal robot simulation environment demonstrate
that, with only 40 interactions, our proposed method can identify policies aligned
with human preferences, e.g., running like a dog. Further experiments on seven
MuJoCo tasks and a multi-microgrid system design task against eight state-of-
the-art MORAL algorithms fully demonstrate the effectiveness of our proposed
framework. Demonstrations and full experiments are in our supplemental website.

1 INTRODUCTION

Many real-world decision-making tasks involve multiple objectives, which often conflict. Examples
include balancing makespan and energy consumption in workflow scheduling (Qin et al.| [2020)),
optimizing microgrid designs for both grid stability and user benefits (Xu et al., 2021)), and navigating
trade-offs among fuel cost, efficiency, and safety in robotic control (Xu et al., [2020). Multi-objective
reinforcement learning (MORL) addresses these problems by learning policies that simultaneously
consider such conflicting criteria (Liu et al.,2015; Hayes et al., 2022). Existing MORL approaches
can be broadly classified into two main categories.

The first, and perhaps most prevalent, category aggregates multiple objective functions into a single
scalar reward, usually through linear scalarization (Gabor et al., 1998 |Mannor & Shimkin, |2001).
Each objective receives a weight based on the decision maker’s (DM’s) prior preferences, and standard
reinforcement learning (RL) algorithms then optimize this aggregated scalar reward (Duan et al.,[2016;
Chen et al., [2021). While conceptually straightforward, this approach relies heavily on the DM’s
ability to accurately specify their preferences beforehand. In real-world tasks, however, preferences
are often implicit and difficult to articulate numerically. Even when clear preference information is
available, designing an effective weighted reward is challenging because the relationship between
reward weights and policy outcomes is often nonlinear and unpredictable (Van Moffaert et al.,|2014;
Hayes et al 2022). As a result, DMs often rely on iterative trial-and-error to adjust the reward
weights until an acceptable policy emerges.

The second major MORL strategy aims to identify a diverse set of Pareto-optimal policies spanning
various trade-offs (Natarajan & Tadepallil 2005} [Tkenaga & Arai, [2018; Chen et al.,[2019; [Yang et al.|
2019). This set is then presented to the DM, who selects the most suitable policies. Although this
method avoids requiring initial preferences, it often generates hundreds of policies when only a few
are practically relevant. Producing and evaluating these irrelevant policies consumes considerable
computational resources. For example, when training a bipedal robot, algorithms might discover
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Pareto-optimal but impractical gaits. While these solutions satisfy Pareto optimality in the objective
space, they offer little practical value. Thus, pursuing diversity without guidance can waste substantial
computational effort, potentially hindering the discovery of genuinely useful policies.

Unlike the aforementioned paradigms, some approaches, such as interactive Q-steering (Vamplew
et al., 2017), incorporate human guidance within an interactive MORL (iMORL) framework. In
interactive Q-steering, the algorithm first presents an estimated Pareto front (PF) to the DM, who
then specifies preferred regions or targets. The algorithm uses this feedback to adjust its policy
search direction dynamically. This approach allows the DM to iteratively refine preferences during
training, removing the need for precise reward weights defined upfront. While interative Q-steering,
for example, might require an initial PF estimation, the broader concept of dynamically guiding the
MORL search based on evolving, elicited preferences is powerful. However, iMORL frameworks
that actively learn and adapt to evolving DM preferences to guide the exploration of the policy space
have received limited attention (Roijers et al.,[2017;[2018b; [Peschl et al.,[2022)), despite their potential
to reduce unnecessary exploration and computational effort.

To address these challenges, we propose PBMORL, a general iMORL framework. PBMORL bal-
ances the targeted nature of single-policy methods with the exploratory capabilities of multi-policy
approaches. It interactively learns the DM’s preferences, removing the need for precise a priori
preference articulation or extensive reward shaping. A key innovation lies in how learned prefer-
ences are utilized. While policy diversity is beneficial for escaping local optima and finding better
solutions (Hu & Luo, 2024), PBMORL does not prematurely constrain the search based on these
preferences. Instead, it integrates preference learning into the multi-policy optimization process by
dynamically guiding resource allocation. Preferences bias the selection and refinement of candi-
date policies. This approach steers the search toward regions of the PF aligned with evolving DM
interests, inherently balancing the exploitation of known preferences with the exploration of new
regions. PBMORL refines its policies through human-in-the-loop feedback, progressively identifying
solutions of genuine practical relevance. Our framework consists of three interconnected modules:
@ Seeding Promising Policies: generates an initial, diverse set of policies approximating
the PF. ® Preference Elicitation: actively queries the DM to obtain qualitative feedback
and translates it into a quantitative model of the DM’s utility. ® Policy Optimization: uses
the utility model from elicitation to guide a multi-policy RL algorithm. This guidance directs the
parallel optimization of candidate policies, ensuring alignment with DM preferences.

We first evaluated PBMORL on a challenging UNITREE GO2 quadrupedal robot task (Unitreel [2024)),
optimizing for speed and energy efficiency. Compared to extensively tuned standard RL approaches,
PBMORL produces significantly more natural and stable robot behaviors aligned directly with the
DM’s implicit preferences, i.e., behaviors difficult to encode manually. In particular, under high-speed
preference, PBMORL matches the top baseline’s speed but reduces average torque by 37.4%. Under a
low-torque preference, PBMORL achieves a 79.0% torque reduction. Additional extensive evaluations
on MuJoCo benchmarks (Todorov et al.,|2012) and a multi-microgrid design problem (Chiu et al.,
2015)) confirm PBMORL’s consistent superiority over eight state-of-the-art MORL methods.

2 PRELIMINARIES

In this paper, a MORL problem is formulated as a 5-tuple (S, A, T, r, v) multi-objective Markov
decision process (MOMDP):

» S is the state space, i.e., the set of all available n-dimensional states s € R".

» A is the action space, i.e., the set of all available [-dimensional actions a € RE.

* T is the state transition probability.

o v = (r1(Se, 1), ., 7m(se,a0)) | is the reward vector after taking the action a;.

v =V1,---,7m)" € (0,1]™ is a vector of discount factors.
In a MOMDP, a policy 7 : § — A determines how the current state s; move to the next one
st4+1 by taking the action a; ~ w(s;). In particular, 7 is associated with a vector of expected
returns J(7) = (Jy(x), -+, Jm(7)) " where J;(x) = E (Zio 'yfri(st,at)>. Accordingly, a
multi-objective policy optimization (MOPO) problem is defined as:

maximize F(7) = (fi(n), -+, fm(7))' subjectto 7:8 = A, ()
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Figure 1: A. Flowchart of PBMORL. It iterates between the preference elicitation and the
policy optimization modules until the stopping criterion is met, and outputs the preferred
policies. B. Illustration of the weight vector adjustment in Step 4. (a) The region of interest (ROI) is
highlighted as the shaded cone region versus the evenly distributed weight vectors (denoted as @).
(b) Adjusted weight vectors towards the ROI (denoted as @).

where 7 is a policy and F(7) = J(7) is an objective vector. Objectives are assumed to be conflicting
with each other. That said, improving one objective often degrades others.

Definition 2.1. Given two policies 7! and 72, ! is said to dominate 72 (denoted by 7! > 7?) if

and only if f;(my) > fi(me) foralli € {1,--- ,m} and F(r!) # F(n?).
Definition 2.2. A policy 7* is said to be Pareto-optimal if and only if 7’ such that 7/ > 7*.
Definition 2.3. The set of all Pareto-optimal policies is called the Pareto-optimal set (PS), i.e., PS =

{n*|$r’ € S : n’ = 7*} and their corresponding objective vectors form the Pareto-optimal front
(PF), i.e., PF = {F(x*)|x* € PS}.

3 PROPOSED METHOD

The PBMORL framework, illustrated in Fig. 1} consists of three interconnected modules. These
modules work iteratively to find policies that match the DM’s preferences.

3.1 SEEDING PROMISING POLICIES

Initially, PBMORL starts with random policies. These early policies often perform poorly, making
them unsuitable for meaningful DM evaluation. To address this, we dedicate an initial training
phase to the Seeding module, where we allocate the first 5% of the total training budget to it
(see sensitivity analysis in Appendix [D.7). The goal of this module is to generate a diverse set of
reasonably effective policies as a starting point for preference learning.

In practice, the Seeding module functions as a standard MORL algorithm, operating without
DM preference information to approximate the PF. Our MORL approach builds upon the widely-
used multi-objective evolutionary algorithm based on decomposition (MOEA/D) (Zhang & Li,
2007). Specifically, we decompose the MORL task into N scalarized subproblems. Each sub-
problem combines objectives linearly using a weight vector: J(m,w) = 1" w;J;(), where
w = (w1,...,w,,)" defines the trade-off among the m objectives, satisfying > ", w; = 1. To
achieve a balance between convergence and diversity when exploring the objective space, we use
Das and Dennis’ method(Das & Dennis, [1998) to create [N evenly distributed weight vectors,
W = {w'},, arranged on a unit simplex. Here, N = (H;Tl_l), where H > 1 is the number
of evenly spaced divisions per objective dimension. We optimize each scalarized subproblem in-
dependently, treating it as a separate RL task. For the underlying optimization, we adapt proximal
policy optimization (PPO) (Schulman et al., 2017) into a multi-objective variant called MOPPO
(detailed pseudocode in AppendixA.2). At the end of the seeding phase, we obtain a diverse set of
non-dominated policies, denoted by II.

3.2 PREFERENCE ELICITATION

The preference elicitation module (detailed pseudo-code in Appendix [A.2)) stands as the
core component of PBMORL. It integrates human feedback directly into the MORL framework. This
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module operates through three sequential steps, each targeting a specific aspect of learning and
applying preferences. » Consultation: Efficiently collects preference feedback from DM. »
Preference Learning: Models and infers the DM’s implicit preferences based on the feedback
obtained. » Preference Translation: Converts the learned preference model into actionable
guidance forthe Policy Optimization module, steering policy search toward preferred regions.
Together, these steps ensure human insights effectively guide the policy learning process.

3.2.1 CONSULTATION

The Consultation step is the interface where the DM provides feedback on candidate policies.
Rather than asking the DM to assign numerical scores directly, we use pairwise comparisons between
two policies, (7!, 72). The DM indicates if 7! is better, worse, or indifferent compared to 72, denoted
by ! = 72, 7t < w2, or 7! ~ 72, respectively. Pairwise comparisons are typically easier and more
consistent for human DMs than absolute scores across diverse policies.

Since requesting feedback on all policy pairs is impractical, we employ an active selection strategy. In
each consultation round, only the two most informative policies from II are queried. This maximizes
the value of each query while minimizing DM effort. Inspired by active learning and multi-armed
bandit principles (Auer, 2002)), we design an acquisition function to measure policy informativeness:

I(m) = p(m) + ar/o(m)n /T, (2)

where p(7) and o () are the predicted mean and variance of the policy’s utility from the preference
model (see Section|3.2.2). Here, 7 is the total number of policy queries made so far, and 7. is the
number of times policy 7 has been previously queried. The parameter o > 0 controls the balance be-
tween exploiting high-utility policies (high 1(7)) and exploring policies with uncertain utilities (high
o(m) or few previous queries). In each interaction round, we select policies 7' = arg max, < I()
and 7% = arg max, ¢ 1 I(7) that maximize this function. The DM then compares these two
policies, and we record their preference. The selected policy pair and the comparison outcome
(! = | < | = 7?) are added to the preference dataset for training the preference model.

3.2.2 PREFERENCE LEARNING

Once we collect pairwise comparisons, the Preference Learning step estimates the DM’s
latent utility function w(J(7)). This function w(J(7)) : R™ — R assigns each policy 7 a scalar
value consistent with observed preferences. Specifically, if 7! = 72, then u(J(7!)) > u(J(7?)), and
if 71 ~ 72, then u(J(7!)) = u(J(7?)). We model the utility function using a zero-mean Gaussian
Process (GP) (Rasmussen & Williams, |2005) with a radial basis function (RBF) kernel. A GP is
suitable because it is flexible, non-parametric, and explicitly quantifies uncertainty o (7), which are
important for our active consultation strategyﬂ

Formally, suppose we have a dataset D = {(n}, 72, 0;)} Lzll of pairwise comparisons, where o; €
{>~,<,~}. Let M= {77 }’J‘T":l denote the set of unique policies involved in these comparisons. We
assume observed preferences reflect latent utilities with Gaussian noise: policy 7} is preferred over
2 if u(J(n})) > w(I(7?)) +¢€;, with ¢; ~ N(0, 1) following standard practice (Chu & Ghahramani,
2005). Given latent utilities, ug = (u(J(71)),...,u(J(7"))) ", the likelihood of D is:

D

P(Dlug) = HP(Oz’IU(J(Wi))vU(J(Wf))) ©)

Specifically, if 7} = 72, P(o;|u(J(7})), uw(J(72))) = ® (W) Ties (~) are handled
by assuming policies have nearly equal utilities within a small margin. We estimate utilities by
computing the maximum a posteriori (MAP) estimate u* = arg max,,_ P(ug)P(D|ug), where the

GP prior is P(up) exp(—%ugKﬁluﬁ), and K7 is the covariance matrix from the RBF kernel.

Equivalently, we minimize the negative log-posterior:
D]

1
minimize,, — Z log P(0;|u(J (1)), u(J (72))) + §ugKﬁluﬁ' 4)
i=1

'We have conducted ablation study on other preference learning models in Appendix
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This optimization problem can be efficiently solved using iterative methods like Newton-
Raphson (Chu & Ghahramani, 2005). After obtaining MAP utilities U = u*, we can predict
the utility u(J(7*)) for any new policy 7*. The posterior mean u(7*) = k] K a U and variance
o(r*) = k(r*, 7*) — k] (Kz + A=)~ 'k, where k, is the covariance between 7* and policies in
I, and A captures uncertainty around the MAP estimate. These predictions p(7*) and o (7*) inform
active policy selection in the Consultation module and guide the Optimization module
toward the DM’s preferences.

3.2.3 PREFERENCE TRANSLATION

This step translates the learned preference model into actionable guidance for the subsequent Policy
Optimization module. Its goal is to identify optimization tasks for the next iteration of MOPPO,
balancing exploitation of promising policies and exploration of new policies near the region of interest
(ROI). This process uses the current set of candidate policies, denoted by 11, and involves five steps.

Step 1: Assign a preference score () = p(mw) + So () to each policy m € II..
Step 2: Rank policies in IT.. by ¢ (7). Select the top x4 policies to form the set of promising policies,

II. Store their original associated weight vectors in W = {wipi,.

Step 3: Generate a new, denser set of evenly distributed weight vectors W = {w'}N |, where

N > N, using the method in Section Initialize an empty set of biased weights, W = 0.

Step 4: Bias these new weights toward the ROI defined by W (as illustrated in Fig. \: ). For each

weight vector W' € W:

Step 4.1: Find the nearest promising weight: w* = argming, i, [|[W — w'||2.

Step 4.2: Compute the biased weight: w! = w' + n(w* — w'), where n € (0, 1] controls
the bias strength. Normalize if necessary to ensure weights sum to 1.

Step 4.3: Add this biased weight to the set: W = W U {w'}.

Step 5: Define tasks for the next MOPPO optimization round:

Step 5.1: Exploitation Tasks: Define «; exploitation tasks using the promising policies and
their original weights: Texpioit = { (7, W)|7 € I,we W} These tasks further
refine high-quality policies already discovered.

Step 5.2: Exploration Tasks: Randomly select o biased weights from W. For each se-
lected weight w € W, choose an associated policy 7 from 11 (e. g., closest original
weight or randomly) as a starting point: Texplore = { (7, W)|W € W’} These
tasks encourage exploration within the ROI, starting near promising solutions.

Step 5.3: Combine the exploitation and exploration tasks into a final task set for the next
optimization round: Thext = Texploit U Texplore-

This translation process systematically prioritizes refining policies aligned with DM preferences,
while simultaneously exploring strategically near the identified ROL. It thus ensures effective policy
improvement and avoids premature convergence.

3.3 POLICY OPTIMIZATION

The Policy Optimization module runs one iteration of multi-objective policy improvement
using tasks defined by the Preference Translation step in Section Specifically, we
employ the MOPPO algorithm (Section [3.1)) to optimize the task set Texi. MOPPO processes each
task (ﬂ’seed, W) € Tnext in parallel. Recall that Tpext includes two task types: exploitation tasks
refine existing promising policies 7 € II using their original weights w, and exploration tasks start
searches within the region of interest using biased weights w* € V. By optimizing both task types
simultaneously, MOPPO effectively balances improving known high-quality policies and exploring
new promising areas identified through DM feedback.

This module outputs an updated set of candidate policies, IT... This then feeds into the next cycle of
Preference Elicitation, where the DM provides additional feedback. This iterative loop of
eliciting preferences, translating them into optimization tasks, and refining policies continues until
meeting a predefined stopping condition (e.g., maximum number of environment interactions or DM
queries). Through this iterative process, the policies gradually converge toward the DM’s preferences.
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Table 1: Average forward speed and torque of the policies trained via PBMORL and scalarized PPO
during testing. These policies correspond to those shown in Fig.[2]

Preference Average Speed (m/s) T Average Torque (N - m) |
Pt : Stationary 0.0039 6.2749
PBMORL P2 : Moderate speed 2.6005 13.6821
wP3 : High speed 5.5442 28.4631
71 1 [0.1,0.9] 0.0652 29.9237
. 72 :[0.3,0.7] 0.4785 31.2369
i;aslainczeg 5 VI]) ;)r 4 b [0.5,0.5] 0.1372 31.2468
74 1 [0.7,0.3] 4.7869 47.3405
7 2 [0.9,0.1] 4.3275 47.0493
7 :[0.1,0.9] 0.0059 43.4544
. 72 :[0.3,0.7] 0.0023 40.5503
Scalarized PO 7% - [0.5,0.5] 3.9753 46.3568
comp-Lex rewar 7 : [0.7,0.3] 4.9380 46.8985
7w :[0.9,0.1] 5.6801 45.4319

4 EXPERIMENTS

We evaluate PBMORL in 9 different environments, including a UNITREE GO2 quadrupedal robot
control task (Unitreel 2024), seven MUJOCO (Todorov et al., 2012) robotic control benchmarks, and
a multi-microgrid system design (MMSD) problem (Chiu et al., 2015].

4.1 EXPERIMENTS ON UNITREE GO2 QUADRUPED ROBOT CONTROL

This is a challenging high-dimensional continuous control task with a 48-dimensional state space and
a 12-dimensional action space (target joint angles). Such complexity makes it difficult to manually
design effective reward functions. Thus, it specifically tests PBMORL’s capability to directly learn
effective policies aligned with user preferences in a demanding, high-dimensional environment.

4.1.1 EXPERIMENTAL SETTINGS

To formulate a multi-objective evaluation, we define two conflicting objectives: maximizing forward
velocity 7, and minimizing energy consumption r. . The corresponding reward functions are:

{rv = Vs + Talive,

5
re =—C> Zz 7'12 + Tative + C, ®)

where is vy forward velocity, ra1ive is a survival reward, 7; is the i-th torque, C scales the torque
penalty, and C' ensures positive rewards.

Our primary baseline is scalarized PPO. We tested this baseline with two reward shaping schemes.
The first, basic reward version, directly uses the objectives from equation (3)). It calculates a
weighted sum:

Tbasic = Cvr'u + Cere7 (6)
where C, and C, are weight coefficients applied to r, and r., respectively. The second scheme,
complex reward adds auxiliary shaping terms 1,44 to 7. This is formulated as:

Tcomplex = C’UT’U + Ce (Te + radd)a (7)

Tada (detailed in Appendix [B.T) guide the robot’s posture and penalize instabilities like tilting or
collisions. Such shaping is often necessary for standard RL in complex tasks.

For both scalarized PPO schemes, we evaluated five different weight combinations: [C,,C. €
{[0.1,0.9],10.3,0.7],[0.5,0.5],[0.7,0.3],[0.9, 0.1] }. In contrast, for PBMORL, we did not pre-define
weights. Instead, we simulated DM interaction using three distinct preference profiles: » Stationary:
Prioritize minimal movement (zero velocity). » Moderate speed: Balance forward motion with
energy efficiency. We set the target speed for medium-speed preference to 2.5 m/s. » High speed:
Maximize forward velocity while maintaining stability.
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Figure 2: A. Visualization of policies obtained by PBMORL and scalarized PPO under different
preference and reward weight settings. B. Snapshots of different policies during evaluation. C.
Comparison with conventional multi-policy MORL algorithms under the moderate speed preference.

Table 2: Comparison results of ¢*(IT) of PBMORL versus peer algorithms over 10 runs with mean and
standard deviation. The complete results for other six tasks are provided in Table[6 of Appendix[C.2]

\ PBMORL

MOMPO

META-MORL

MORL-Adaptation

MORAL

Humanoid-v2 | /1 (EEEEISE

9.292(4.17E-1)

8.679(5.18E—2)

9.554(8.33E—2)

5.599(6.40E—2)

| f2 | 4.099(6.96E—7)

8.993(1.84E—2)

9.083(2.84E—-3)

9.912(8.34E-2)

9.776(1.34E—2)

2.418(3.39E—3)

2.737(9.05E—3)

4.69(7.22E-3)

2.48(6.72E—4)

MMSD | f2 | 0.000(4.87E—T7)

1.366(9.02E—4)

1.317(8.62E—4)

7.020(2.31E—4)

0.672(5.56E—5)

(

| fi | 1.149(8.85E—4)
(
(

| f3 | 0.030(9.78E—8)

0.102(4.57E—6)

0.071(8.76E—5)

0.244(9.94E—4)

0.124(1.29E-5)

4.1.2 EXPERIMENTAL RESULTS

We trained PBMORL for each preference setting and scalarized PPO for each weight combination. We
evaluated policies by averaging cumulative rewards over five independent test runs, calculated using
equation (3) for consistency. Fig.[ZJA visualizes the policies’ performance in objective space. Although
PBMORL often finds several similar policies per preference, we present only one representative policy
for clarity, as performance differences within these groups were minimal. Table[T]lists average speed
and torque for these representative policies. Key findings from this experiment include:

1. PBMORL aligns effectively with preferences. Policies 77! to 773 accurately matched intended
behaviors. Specifically, 7P kept the robot stationary, 772 achieved a moderate speed efficiently
(2.60m/s), and 7?3 reached a higher speed (5.54 m/s) with increased energy usage. Visually,
PBMORL’s policies (7P, 7P3) exhibited more natural and stable postures than scalarized PPO
alternatives (see Figure 2B and some demonstration videos from the supplemental website).

2. PBMORL consistently achieves high performance. In the objective space (Figure[2JA), PBMORL’s
solutions consistently dominated almost all scalarized PPO policies, except for 7.

3. Scalarized PPO struggles to balance objectives. Despite experimenting with two reward
formulations and five weight combinations, scalarized PPO often converged prematurely to
suboptimal regions in objective space. This result suggests scalarized PPO easily becomes trapped
in local optima. PBMORL’s guided exploration enabled it to better avoid these pitfalls.

4. Preference guidance facilitates the discovery of superior non-dominated policies. As shown
in Figure |Zp conventional MORL methods such as PGMORL, which explore the Pareto front
without user preference guidance, tend to yield a diverse but suboptimal policy set. This wastes
effort on regions irrelevant to the user’s preference and fails to identify the true “sweet spot”.

5. Reward weights are unreliable proxies for outcomes. Scalarized PPO demonstrated the inherent
difficulty of reward design. For example, policy 7 used a higher weight for energy efficiency (0.9)
compared to 7 (0.7), yet w°! was actually less energy-efficient. This illustrates the unpredictable
relationship between weight choices and final policy behavior. In contrast, PBMORL, by directly
learning from preferences, avoids these complexities altogether.

4.2 EXPERIMENTS ON MUJOCO AND MMSD ENVIRONMENTS

We next compared PBMORL against four state-of-the-art preference-based MORL algorithms:
MORL-Adaptation(Yang et al] 2019), META-MORL(Chen et all 2019), MOMPO(Abdolmalekil
et al., [2020), and MORAL(Peschl et al.,2022)). This comparison included seven diverse MuJOCO
control tasks (Todorov et al.,[2012) and an MMSD problem (Chiu et al} 2015). Due to page limit,
further details on benchmarks and algorithms are in Appendix |B|
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Figure 3: Selected plots of non-dominated policies obtained by PBMORL vs MORL-Adaptation,
META-MORL, MOMPO and MORAL. Other results are provided in Fig. [6|of Appendix [C.2]

Evaluating preference-based MORL requires specialized metrics, as standard measures may not
capture alignment with DM intent (L1 et al., 2018b). We adopt the approximation accuracy metric,
defined as the distance to an ideal “golden policy”: €*(II) = min,¢yy |7 — 7*||2, where I is the
algorithm’s output set of non-dominated policies. 7* is the ideal policy according to the DM’s
preferences (unknown to algorithms). Details on defining 7* are provided in Appendix [C.3]

From the selected results in Table [2]and Figure 3] we have two key observations: » On complex
tasks (Ant-v2, Hopper-v3, Humanoid-v2, MMSD), PBMORL consistently outperformed other
methods. Often, PBMORL found policies that dominated all those identified by peer algorithms. »
On simpler tasks, PBMORL performed comparably to the best alternative methods. We hypothesize
these tasks have simpler PFs. Therefore, standard methods without delibreately being navigated to
ROI can still find solutions located in the targeted regions.

4.3 FURTHER ANALYSIS

PBMORL scales to many-objective scenarios Most existing MORL algorithms consider only
2-3 objectives, with a few toy environments (Reymond et al., |2022) involving more. However, it
is important to examine the scalability of PBMORL to higher-dimensional objective spaces. In
Appendix [C.T] we design and conduct a 5-objective experiment on the challenging Unitree Go2 task,
which demonstrates that PBMORL maintains strong performance even in many-objective settings.

Impact of interaction frequency PBMORL elicits DM preferences through pairwise policy com-
parisons. Our main experiments used 40 such interactions. To examine sensitivity to this parameter,
Appendix [D.T|explores fewer interactions. Results show that PBMORL maintains strong performance
even with significantly fewer interactions, achieving good outcomes with as few as 10 to 20 queries.

Comparison with conventional multi-policy MORL Conventional multi-policy MORL algo-
rithms typically aim to approximate the entire PF. In contrast, PBMORL specifically targets optimal
policies aligned with the DM’s implicit preferences, which only cover a smaller region of the PF. In
this experiment, we compared PBMORL with leading multi-policy methods like PGMORL (Xu et al.|
2020) and PDMORL (Basaklar et al., 2023)). As the results detailed in Appendix conventional
MORL approaches struggled to identify non-dominated policies that align closely with specific DM
preferences, especially in complex tasks like Humanoid-v2.

Ablation study of the GP model We selected a GP for the Preference Learning module
because it offers two key advantages. First, GPs are highly data-efficient, ideal for learning from
limited human feedback, where we only have 40 pairwise comparison results. Second, GPs naturally
provide uncertainty estimates. This uncertainty helps PBMORL strategically select informative policy

?Full results for all eight tasks are in Appendix Table @ and Figure@
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pairs for DM consultation, effectively balancing exploration and exploitation. Here we conducted
an ablation study by replacing the GP with two alternative preference learning methods. Results in
Appendix [D.2] showed that the GP-based approach performed best. Nevertheless, because PEMORL
is a general framework to involve human in the loop of MORL, we believe GP is not a mandatory
choice while new preference learning model can be an interesting future direction.

Further algorithmic analysis Beyond these specific studies, we also conducted a comprehensive
series of experiments to analyze the impact of PBMORL’s other core algorithmic components and
hyperparameters. These detailed findings are available in Appendices[D.3|through[D.8]

5 RELATED WORKS

Single-policy MORL Single-policy MORL methods typically aggregate multiple objectives into a
single scalar reward, guided by the DM ‘s predefined preferences. Standard RL algorithms optimize
this scalar reward to produce one optimal policy (Gabor et al.,[1998; Mannor & Shimkin, [2001} [Zhou
et al., [2023)). Aggregation can be linear or use more complex forms, such as exponential aggregation
in (Rolf} 2020) and (Abdolmaleki et al.l 2020) proposed learning different policies for each objective
and then synthesizing them into a composite policy. Although conceptually simple, single-policy
MORL approaches often assume DMs can accurately specify their preferences beforehand. This
assumption rarely holds true in practice, limiting their usefulness.

Multi-policy MORL  Multi-policy MORL decomposes the problem into multiple subproblems,
each representing a distinct trade-off. Each subproblem is solved using single-objective RL algorithms.
Some frameworks optimize these subproblems sequentially (Yang et al., 2019; Mossalam et al.,|2016;
Reymond & Nowé, 2019} |Zhang et al., 2023} [Mazouchi et al., 2022; He et al., {2024 L1 et al.| 2024).
Others solve them concurrently, enabling parallel policy optimization (Xu et al.l 2020; |Parisi et al.,
2014; L1 et al., [2021; [Shao et al.} 2023). The key advantage of multi-policy approaches is the ability
to find a diverse set of Pareto-optimal policies without requiring predefined preferences. However,
they often incur significant computational costs. Additionally, presenting numerous policies can
overwhelm DMs, especially when only a small subset is relevant.

Preference learning Preference-based MORL methods have gained recent attention. These ap-
proaches aim to learn a DM’s utility function from interactive feedback, such as pairwise comparisons
or rankings, to guide policy search (Roijers & Whiteson, [2017; Roijers et al., 2018a; Wanigasekara
et all [2019). Many methods frame this as a multi-armed bandit problem. However, directly ap-
plying fixed-arm bandits to continuous, high-dimensional RL tasks can be challenging. Yang et
al. (Yang et al.l 2019) propose approximating the full PF first, then using a GP model to learn
preferences afterward. Although effective, this approach can be computationally expensive if only a
limited ROI is relevant. Additionally, policies outside the ROI may add noise to preference learning.
Related methods include preference-based inverse RL, which infers reward functions from demonstra-
tions (Sugiyama et al.; 2012} |Pan & Shen| |[2018; [Brown et al.,[2019a; Lian et al., 2024; Perrusquia &
Guo, 2023} |Que et al., [2024). These methods require explicit demonstrations labeled by preferences,
which can be difficult to provide comprehensively beforehand (Brown et al., 2019b). Some direct
interaction methods modify policies based on DM feedback but may not integrate preferences deeply
into optimization (Kollmitz et al., 2020). Lastly, several methods learn parameterized representations
of DM utilities to guide RL (Wirth et al.,2016; |Christiano et al.,|2017; Wu & Wang} 2023} | Xiao et al.|
2024; Wu et al.} 2024; Xue et al.,|2023)). PBMORL builds upon these approaches but uniquely uses
interactive preference elicitation. This interactive process dynamically biases a multi-policy search
towards the ROI, avoiding the need to find the entire PF or rely solely on predefined demonstrations.

6 CONCLUSION

This paper proposed a human-in-the-loop framework for preference-based MORL that searches for
policies of interest preferred by the DM. This framework proactively learns the DM’s preferences
in an interactive manner, using the learned preference information to guide policy optimization
in MORL. It is worth noting that our proposed PBMORL is highly versatile, as all its algorithmic
components can be replaced by other related techniques in a plug-in manner. Experiments on the
quadruped robot control task, the MUJOCO benchmark and the MMSD task fully demonstrate the
effectiveness of PBMORL for finding high-quality policies that align with the DM’s preferences.



Under review as a conference paper at ICLR 2026

REFERENCES

Abbas Abdolmaleki, Sandy H. Huang, Leonard Hasenclever, Michael Neunert, H. Francis Song,
Martina Zambelli, Murilo F. Martins, Nicolas Heess, Raia Hadsell, and Martin A. Riedmiller.
A distributional view on multi-objective policy optimization. In ICML’20: Proc. of the 37th
International Conference on Machine Learning, pp. 11-22, 2020.

Peter Auer. Using confidence bounds for exploitation-exploration trade-offs. J. Mach. Learn. Res., 3:
397-422, 2002.

Toygun Basaklar, Suat Gumussoy, and Umit Ogras. PD-MORL: Preference-driven multi-objective
reinforcement learning algorithm. In The Eleventh International Conference on Learning Repre-
sentations, 2023. URL https://openreview.net/forum?id=zS9sRyaPFl1J.

Ralph Allan Bradley and Milton E. Terry. Rank analysis of incomplete block designs: 1. the method
of paired comparisons. Biometrika, 39(3/4):324-345, 1952. ISSN 00063444.

Daniel S. Brown, Wonjoon Goo, Prabhat Nagarajan, and Scott Niekum. Extrapolating beyond
suboptimal demonstrations via inverse reinforcement learning from observations. In ICML’19:
Proc. of the 36th International Conference on Machine Learning, volume 97 of Proceedings of
Machine Learning Research, pp. 783-792. PMLR, 2019a.

Daniel S. Brown, Wonjoon Goo, and Scott Niekum. Better-than-demonstrator imitation learning via
automatically-ranked demonstrations. In CoRL’19: Proc. of the 3rd Annual Conference on Robot
Learning, volume 100 of Proceedings of Machine Learning Research, pp. 330-359. PMLR, 2019b.

SenPeng Chen, Jia Wu, and XiYuan Liu. Emorl: Effective multi-objective reinforcement learning
method for hyperparameter optimization. Engineering Applications of Artificial Intelligence, 104:
104315, 2021.

Xi Chen, Ali Ghadirzadeh, Marten Bjérkman, and Patric Jensfelt. Meta-learning for multi-objective
reinforcement learning. In IROS’19: Proc. of the 2019 IEEE/RSJ International Conference on
Intelligent Robots and Systems, pp. 977-983, 2019.

Wei-Yu Chiu, Hongjian Sun, and H. Vincent Poor. A multiobjective approach to multimicrogrid
system design. [EEE Trans. Smart Grid, 6(5):2263-2272, 2015. doi: 10.1109/TSG.2015.2399497.

Paul F. Christiano, Jan Leike, Tom B. Brown, Miljan Martic, Shane Legg, and Dario Amodei. Deep
reinforcement learning from human preferences. In NIPS’17: Proc. of 2017 Annual Conference on
Neural Information Processing Systems, pp. 4299-4307, 2017.

Wei Chu and Zoubin Ghahramani. Preference learning with Gaussian processes. In ICML’05: Proc.
of Proceedings of the Twenty-Second International Conference on Machine Learning, pp. 137-144,
2005. doi: 10.1145/1102351.1102369.

Indraneel Das and John E. Dennis. Normal-boundary intersection: A new method for generating the
pareto surface in nonlinear multicriteria optimization problems. SIAM J. Optim., 8(3):631-657,
1998.

Kalyanmoy Deb. Multi-Objective Optimization Using Evolutionary Algorithms. John Wiley & Sons,
Inc., New York, NY, USA, 2001.

Yan Duan, Xi Chen, Rein Houthooft, John Schulman, and Pieter Abbeel. Benchmarking deep
reinforcement learning for continuous control. In Proceedings of the 33rd International Conference
on Machine Learning, pp. 1329—-1338, New York City, NY, USA, 2016.

Zoltan Gébor, Zsolt Kalmar, and Csaba Szepesvari. Multi-criteria reinforcement learning. In
ICML’98: Proc. of the 15th International Conference on Machine Learning, pp. 197-205. Morgan
Kaufmann, 1998.

Conor F. Hayes, Roxana Radulescu, Eugenio Bargiacchi, Johan Killstrom, Matthew Macfarlane,
Mathieu Reymond, Timothy Verstraeten, Luisa M. Zintgraf, Richard Dazeley, Fredrik Heintz,
Enda Howley, Athirai A. Irissappane, Patrick Mannion, Ann Nowé, Gabriel de Oliveira Ramos,
Marcello Restelli, Peter Vamplew, and Diederik M. Roijers. A practical guide to multi-objective
reinforcement learning and planning. Auton. Agents Multi Agent Syst., 36(1):26, 2022.

10


https://openreview.net/forum?id=zS9sRyaPFlJ

Under review as a conference paper at ICLR 2026

Xiangkun He, Jianye Hao, Xu Chen, Jun Wang, Xuewu Ji, and Chen Lv. Robust multiobjective
reinforcement learning considering environmental uncertainties. IEEE Trans. Neural Networks
Learn. Syst., 2024. in press.

Tianmeng Hu and Biao Luo. Pa2d-morl: Pareto ascent directional decomposition based multi-
objective reinforcement learning. In Proceedings of the AAAI Conference on Artificial Intelligence,
volume 38, pp. 12547-12555, 2024.

Akiko Ikenaga and Sachiyo Arai. Inverse reinforcement learning approach for elicitation of prefer-
ences in multi-objective sequential optimization. In ICA’18: Proc. of the 2018 IEEE International
Conference on Agents, pp. 117-118. IEEE, 2018.

Thorsten Joachims. Optimizing search engines using clickthrough data. In SIGKDD’02: Proc. of
the 8th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, pp.
133-142. ACM, 2002.

Marina Kollmitz, Torsten Koller, Joschka Boedecker, and Wolfram Burgard. Learning human-aware
robot navigation from physical interaction via inverse reinforcement learning. In JROS’20: Proc.
of 2020 IEEE/RSJ International Conference on Intelligent Robots and Systems, pp. 11025-11031,
2020. doi: 10.1109/IROS45743.2020.9340865.

Kaiwen Li, Tao Zhang, and Rui Wang. Deep reinforcement learning for multiobjective optimization.
IEEE Trans. Cybern., 51(6):3103-3114, 2021. doi: 10.1109/TCYB.2020.2977661.

Ke Li, Renzhi Chen, Geyong Min, and Xin Yao. Integration of preferences in decomposition
multiobjective optimization. IEEE Trans. Cybern., 48(12):3359-3370, 2018a.

Ke Li, Kalyanmoy Deb, and Xin Yao. R-metric: Evaluating the performance of preference-based
evolutionary multiobjective optimization using reference points. IEEE Trans. Evol. Comput., 22
(6):821-835, 2018b. doi: 10.1109/TEVC.2017.2737781.

Siqi Li, Jun Chen, Shanqi Liu, Chengrui Zhu, Guanzhong Tian, and Yong Liu. MCMC: Multi-
constrained model compression via one-stage envelope reinforcement learning. [EEE Trans.
Neural Networks Learn. Syst., 2024. in press.

Bosen Lian, Vrushabh S. Donge, Frank L. Lewis, Tianyou Chai, and Ali Davoudi. Data-driven
inverse reinforcement learning control for linear multiplayer games. IEEE Trans. Neural Networks
Learn. Syst., 35(2):2028-2041, 2024.

Chunming Liu, Xin Xu, and Dewen Hu. Multiobjective reinforcement learning: A comprehensive
overview. IEEE Trans. Syst. Man Cybern. Syst., 45(3):385-398, 2015.

Shie Mannor and Nahum Shimkin. The steering approach for multi-criteria reinforcement learning.
In NIPS’01: Proc. of 14th Annual Conference on Neural Information Processing Systems, pp.
1563-1570, 2001.

Majid Mazouchi, Yongliang Yang, and Hamidreza Modares. Data-driven dynamic multiobjective
optimal control: An aspiration-satisfying reinforcement learning approach. IEEE Trans. Neural
Networks Learn. Syst., 33(11):6183-6193, 2022.

Hossam Mossalam, Yannis M. Assael, Diederik M. Roijers, and Shimon Whiteson. Multi-objective
deep reinforcement learning. CoRR, abs/1610.02707, 2016. URL http://arxiv.org/abs/1610.02707.

Sriraam Natarajan and Prasad Tadepalli. Dynamic preferences in multi-criteria reinforcement learning.
In ICML’05: Proc. of the 22nd International Conference on Machine Learning, pp. 601-608, 2005.

Xinlei Pan and Yilin Shen. Human-interactive subgoal supervision for efficient inverse reinforcement
learning. In AAMAS’18: Proc. of the 17th International Conference on Autonomous Agents
and MultiAgent Systems, pp. 1380—1387. International Foundation for Autonomous Agents and
Multiagent Systems Richland, SC, USA / ACM, 2018.

Simone Parisi, Matteo Pirotta, Nicola Smacchia, Luca Bascetta, and Marcello Restelli. Policy gradient
approaches for multi-objective sequential decision making: A comparison. In ADPRL’14: Proc. of
2014 IEEE Symposium on Adaptive Dynamic Programming and Reinforcement Learning, pp. 1-8.
IEEE, 2014.

11


http://arxiv.org/abs/1610.02707

Under review as a conference paper at ICLR 2026

Adolfo Perrusquia and Weisi Guo. Drone’s objective inference using policy error inverse reinforce-
ment learning. IEEE Trans. Neural Networks Learn. Syst., 2023. in press.

Markus Peschl, Arkady Zgonnikov, Frans A. Oliehoek, and Luciano Cavalcante Siebert. MORAL:
aligning Al with human norms through multi-objective reinforced active learning. In AAMAS’22:

Proc. of the 21st International Conference on Autonomous Agents and Multiagent Systems, pp.
1038-1046, 2022.

Yao Qin, Hua Wang, Shanwen Yi, Xiaole Li, and Linbo Zhai. An energy-aware scheduling algorithm
for budget-constrained scientific workflows based on multi-objective reinforcement learning. J.
Supercomput., 76(1):455-480, 2020. doi: 10.1007/s11227-019-03033-y.

Xuejie Que, Zhenlei Wang, Yanqi Zhang, and Guanghao Su. Two-time scale tracking control of
flexible robots with primal-dual inverse reinforcement learning. IEEE Trans. Neural Networks
Learn. Syst., 2024. in press.

Carl Edward Rasmussen and Christopher K. I. Williams. Gaussian Processes for Machine Learning.
The MIT Press, 11 2005. ISBN 9780262256834.

Mathieu Reymond and Ann Nowé. Pareto-DQN: Approximating the Pareto front in complex multi-
objective decision problems. In ALA’19: Proc. of the Adaptive and Learning Agents Workshop at
AAMAS, 2019.

Mathieu Reymond, Eugenio Bargiacchi, and Ann Nowé. Pareto conditioned networks. arXiv preprint
arXiv:2204.05036, 2022.

Diederik M. Roijers and Shimon Whiteson. Multi-Objective Decision Making. Synthesis Lectures
on Artificial Intelligence and Machine Learning. Morgan & Claypool Publishers, 2017. doi:
10.2200/S00765ED1V01Y201704AIMO034.

Diederik M. Roijers, Luisa M. Zintgraf, and Ann Nowé. Interactive thompson sampling for multi-
objective multi-armed bandits. In Jorg Rothe (ed.), ADT’17: Proc. of 5th International Conference
on Algorithmic Decision Theory, volume 10576, pp. 18-34. Springer, 2017.

Diederik M Roijers, Luisa M Zintgraf, Pieter Libin, and Ann Nowé. Interactive multi-objective
reinforcement learning in multi-armed bandits for any utility function. In ALA workshop at FAIM,
volume 8, 2018a.

Diederik M Roijers, Luisa M Zintgraf, Pieter Libin, and Ann Nowé. Interactive multi-objective
reinforcement learning in multi-armed bandits for any utility function. In ALA workshop at FAIM,
volume 8§, 2018b.

Matthias Rolf. The need for MORE: need systems as non-linear multi-objective reinforcement
learning. In ICDL-EpiRob’20: Joint IEEE 10th International Conference on Development and
Learning and Epigenetic Robotics, pp. 1-8. IEEE, 2020. doi: 10.1109/ICDL-EpiRob48136.2020.
9278062.

John Schulman, Philipp Moritz, Sergey Levine, Michael 1. Jordan, and Pieter Abbeel. High-
dimensional continuous control using generalized advantage estimation. In ICLR’16: Proc.
of the 4th International Conference on Learning Representations, 2016.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. CoRR, abs/1707.06347, 2017. URL http://arxiv.org/abs/1707.06347.

Yinan Shao, Jerry Chun-Wei Lin, Gautam Srivastava, Dongdong Guo, Hongchun Zhang, Hu Yi,
and Alireza Jolfaei. Multi-objective neural evolutionary algorithm for combinatorial optimization
problems. IEEE Trans. Neural Networks Learn. Syst., 34(4):2133-2143, 2023.

Hiroaki Sugiyama, Toyomi Meguro, and Yasuhiro Minami. Preference-learning based inverse

reinforcement learning for dialog control. In INTERSPEECH’12: Proc. of the 13th Annual
Conference of the International Speech Communication Association, pp. 222-225. ISCA, 2012.

12


http://arxiv.org/abs/1707.06347

Under review as a conference paper at ICLR 2026

Emanuel Todorov, Tom Erez, and Yuval Tassa. Mujoco: A physics engine for model-based control.
In IROS’12: Proc. 2012 IEEE/RSJ International Conference on Intelligent Robots and Systems, pp.
5026-5033, 2012. doi: 10.1109/IROS.2012.6386109.

Unitree. Unitree’s robot 3d models for different environments, 2024. URL https://github.com/
unitreerobotics/unitree_model.

Peter Vamplew, Rustam Issabekov, Richard Dazeley, Cameron Foale, Adam Berry, Tim Moore, and
Douglas Creighton. Steering approaches to pareto-optimal multiobjective reinforcement learning.
Neurocomputing, 263:26-38, 2017.

Kristof Van Moffaert, Tim Brys, Arjun Chandra, Lukas Esterle, Peter R Lewis, and Ann Nowé. A
novel adaptive weight selection algorithm for multi-objective multi-agent reinforcement learning.
In 2014 International joint conference on neural networks (IJCNN), pp. 2306-2314. IEEE, 2014.

Nirandika Wanigasekara, Yuxuan Liang, Siong Thye Goh, Ye Liu, Joseph Jay Williams, and David S.
Rosenblum. Learning multi-objective rewards and user utility function in contextual bandits for
personalized ranking. In IJCAI’19: Proc. of the 28th International Joint Conference on Artificial
Intelligence, pp. 3835-3841, 2019.

Christian Wirth, Johannes Fiirnkranz, and Gerhard Neumann. Model-free preference-based rein-
forcement learning. In AAAI’16: Proc. of the 30th AAAI Conference on Artificial Intelligence, pp.
2222-2228. AAAI Press, 2016.

Huai-Ning Wu and Mi Wang. Human-in-the-loop behavior modeling via an integral concurrent
adaptive inverse reinforcement learning. /EEE Trans. Neural Networks Learn. Syst., 2023. in press.

Jingda Wu, Zhiyu Huang, Wenhui Huang, and Chen Lv. Prioritized experience-based reinforcement
learning with human guidance for autonomous driving. IEEE Trans. Neural Networks Learn. Syst.,
35(1):855-869, 2024.

Qinge Xiao, Ben Niu, Ying Tan, Zhile Yang, and Xingzheng Chen. Generative upper-level policy
imitation learning with pareto-improvement for energy-efficient advanced machining systems.
IEEE Trans. Neural Networks Learn. Syst., 2024. in press.

Jiangjiao Xu, Ke Li, and Mohammad Abusara. Multi-objective reinforcement learning based multi-
microgrid system optimisation problem. In EMO’21: Proc. of 11th International Conference on
Evolutionary Multi-Criterion Optimization, volume 12654, pp. 684—-696. Springer, 2021.

Jie Xu, Yunsheng Tian, Pingchuan Ma, Daniela Rus, Shinjiro Sueda, and Wojciech Matusik.
Prediction-guided multi-objective reinforcement learning for continuous robot control. In ICML’20:
Proc. of the 37th International Conference on Machine Learning, pp. 10607-10616, 2020.

Wengian Xue, Bosen Lian, Jialu Fan, Patrik Kolaric, Tianyou Chai, and Frank L. Lewis. Inverse
reinforcement g-learning through expert imitation for discrete-time systems. IEEE Trans. Neural
Networks Learn. Syst., 34(5):2386-2399, 2023.

Runzhe Yang, Xingyuan Sun, and Karthik Narasimhan. A generalized algorithm for multi-objective
reinforcement learning and policy adaptation. In NeurlPS’19: Proc. of the 2019 Annual Conference
on Neural Information Processing Systems 2019, pp. 14610-14621, 2019.

Qingfu Zhang and Hui Li. MOEA/D: A multiobjective evolutionary algorithm based on decomposi-
tion. IEEE Trans. Evol. Comput., 11(6):712-731, 2007. doi: 10.1109/TEVC.2007.892759.

Zikai Zhang, Qiuhua Tang, Manuel Chica, and Zixiang Li. Reinforcement learning-based multi-
objective evolutionary algorithm for mixed-model multimanned assembly line balancing under
uncertain demand. IEEE Trans. Cybern., 54(5):2914-2927, 2024.

Zizhen Zhang, Zhiyuan Wu, Hang Zhang, and Jiahai Wang. Meta-learning-based deep reinforcement
learning for multiobjective optimization problems. /EEE Trans. Neural Networks Learn. Syst., 34
(10):7978-7991, 2023.

Fei Zhou, Biao Luo, Zhengke Wu, and Tingwen Huang. SMONAC: Supervised multiobjective
negative actor—critic for sequential recommendation. IEEE Trans. Neural Networks Learn. Syst.,
2023. in press.

13


https://github.com/unitreerobotics/unitree_model
https://github.com/unitreerobotics/unitree_model

Under review as a conference paper at ICLR 2026

A ALGORITHMIC DETAILS

This section gives some technical details of our proposed PBMORL framework, including the method
used to generate weight vectors and the relevant pseudo-codes.

A.1 WEIGHT VECTOR GENERATION

We employ the Das and Dennis’s method (Das & Dennis,, |1998)) to generate a set of evenly distributed
weight vectors along a unit simplex. The fundamental idea is to divide each coordinate into H > 0
equally spaced segments. Weight vectors are formed by iteratively selecting a sliced coordinate along
each axis. The Das and Dennis’s method generates a total of (H ;Tl_ 1) weight vectors. Each weight
vector corresponds to a unique subproblem in PBMORL. Fig. @] provides an illustrative example of 21
weight vectors generated in a 3-dimensional space with H = 5.
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Figure 4: An illustrative example of weight vector generation in the three-dimensional space by using
the Das and Dennis’s method.

A.2 PSEUDOCODE

The pseudo codes of PBMORL, the preference learning process, and the MOPPO are given in Algo-
rithm|[T] Algorithm 2] and Algorithm [3] respectively.

B EXPERIMENTAL SETTINGS

This section introduces the settings of our empirical study, including the details about complex
reward scheme, the benchmark problems, and the peer algorithms.

B.1 THE COMPLEX REWARD SCHEME FOR SCALARIZED PPO

To better guide the robot’s behavior, we introduce a series of auxiliary rewards for scalarized PPO, as
detailed below.

* Linear Velocity in Z-axis (7in_vel.z): Penalizes the robot’s linear velocity along the vertical
(Z) axis to encourage planar movement, ensuring stability and preventing unwanted vertical
motion.

» Angular Velocity in XY-axes (7ang velxy): Penalizes the robot’s angular velocity in the
horizontal (X and Y) axes to promote smoother and more controlled rotations, enhancing
overall balance.

* Orientation (7oyientation): Penalizes deviations from a flat base orientation by measuring
the projection of gravity, thereby encouraging the robot to maintain an upright and stable
posture.

* Degrees of Freedom Acceleration (rqofacc): Penalizes the accelerations of the robot’s
joints to promote smooth transitions and reduce abrupt movements.

* Action Rate (7action_rate): Penalizes large changes in action commands between consecutive
steps, fostering smoother and more consistent control actions.

* Collision (rconision): Penalizes collisions on selected body parts by detecting significant
contact forces, thereby encouraging the robot to navigate without unintended impacts.
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Algorithm 1 Pseudo code of PBMORL

—_

—_

11:

12:
13:
14:
15:
16:

17:
18:
19:
20:
21:
22:
23:
24

PRI UNHELD

: Input:
Number of total environment steps: Stepq,
Number of environment steps for seeding module: stgq,
Number of environment steps in one round of MORL: st,,
Number of interactions with the DM: ¢,
Number of subtasks: 7.,
Generate weight vectors W,,; := {Wi Z’;’l using Das and Dennis’ method
Initialize II for storing policies
Initialize EP for storing the non-dominated policies
Initialize {7ri ?;”1, and assign each one with a weight vector in W;,; to constitute Il :=
{<7ri7 WZ> ?:w 1
Initialize preference model u(7), and dataset I, which stores the training data for preference
learning
Get promising policies from the seeding module
while st .4 is not met do
IT + MOPPO(st,., II)
end while
Get non-dominated policies following preference elicitation module and policy
optimization module
while st.,,, is not met do
if query the DM and ¢ is not met then
IL, 11, u(m) < Preference Learning(IL, II, u (7))
end if
IT + MOPPO(st,., II)
Update EP with non-dominated policies of II
end while
Return EP

Al

gorithm 2 preference elicitation

1:

e e e e

R A A Sl

Input: II: stored non-dominated policies, II: queried policies as training data, u(m): preference
model
Consultation step:
if random selection then

Randomly sample two policies 7!, 72 from II.
else

for all € Il do

Evaluate its utility value u() and I(r).

end for

nl = argmax . I(7)
7% = argmax, .y (13 1(7)
: end if _
: Query the DM with ! and 72, and store the result in TI.
. Preference learning step:
: Use the DM’s feedback to update IT and the preference model u(7) as in Section
: Preference translation step:
: Generate the new policy set IT as in Section[3.2.3]

: Return IT, IT, u(7).

* Degrees of Freedom Position Limits (rgof_pos_1imits): Penalizes joint positions that approach
their mechanical limits, ensuring the robot operates within safe and feasible ranges.

* Torque Limits (r¢orque_timits): Penalizes torques that approach or exceed the robot’s actuator
capabilities, safeguarding the robot’s mechanical integrity.
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Algorithm 3 MOPPO

1: Input: t,: # of environment steps, II: stored policies
2: Initialize IT := {) for storing optimized policies.

3: for all (7%, w') € Il do

4:  while the stopping criterion is not met do

5: Execute 7* and store collected trajectory data in buffer:
6: Sti= ((si,al,rl), ... (s} ,ai ,ri)).
7: while the stopping criterion is not met do
8: Sample a trajectory from S, and use w’ to aggregate its rewards.
9: Compute /lt as in (Schulman et al., 2016).
10: Update 7¢ by optimizing J°"P(7%) in equation (??).
11: end while
12: Insert updated task (7%, w') to II.
13:  end while
14: end for

15: Return Non-dominated policies in IT.

B.2 BENCHMARK PROBLEMS

In empirical study, we consider two types of benchmark problems: one is from the popular MuJoCo
environment (Todorov et al.| 2012) and the other is a multi-microgrid system design (MMSD)
problem (Chiu et al., 2015).

B.2.1 MUuJoCO ENVIRONMENT

Following (Xu et al.,[2020), we examine seven benchmark problems developed from MuUJoCo. Their
objective functions and search spaces are outlined below:

Ant-v2: This problem uses the speeds at the z and y axes as the two objectives. The state
space is S € R?7, and the action space is A € RS,

HalfCheetah-v2: Two objectives are considered, including forward speed and energy
consumption. The state space is S € R'7, and the action space is A € RS,

* Hopper—v2: This problem considers forward speed and jumping height as the objectives.
The state space is S € R'!, and the action space is A € R3.

Humanoid-v2: Two objectives are evaluated, including forward speed and energy con-
sumption. The state space is S € R37, and the action space is A € R17.

* Swimmer-v2: This problem focuses on forward speed and energy consumption objectives.
The state space is S € R8, and the action space is A € R2,

Walker2d-v2: Two objectives are considered, including forward speed and energy con-
sumption. The state space is S € R'7, and the action space is A € RS,

* Hopper-v3: This problem incorporates three objectives, including forward speed, jumping
height, and energy consumption. The state space is S € R!!, and the action space is A € R3.

B.2.2 MMSD ENVIRONMENT

Fig. 5] illustrates the microgrid environment, detailing the line flows and nodes within the power
network. It considers the following three-objective optimization problem:

- ng T
maximize © = (Upg(T), Ung (T), S0, 5,(T)) )
subject to ||s;(t) —s;(t —1)|| < c;, Vi€ {1,...,ns} ’

where r C R3 is the reward, [; < $;(t) < u;. The mathematical definitions of these three objectives
are delineated as follows, while the related notations are listed in Table [3}

» Upe(T) evaluates the utility value achieved by the power grid after one episode:

Upg(T) = Z

t=1 14

(U (), wi) — At)pi (1)) )
1

n
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where ws w
—, if pf(t) > —
o} Q@
U(py (1), wi) = e i (10)
d ap; (t) : d Wy
wip; (t) — —5——, f0<pi(t) < —
2 «
where w; and « are pre-defined parameters.
* Upng(T) is the total utility value achieved by all microgrids after one episode:
T
Une(T) = ) APy (t) — BP(1)?, (11)
t=1

where [ is a pre-defined parameter.

* To measure the stability of a multi-microgrid system, we use Z?;l $;(T) to evaluate its
total energy storage. In particular, we have:

si(t) = si(t — 1) + p? (t) — pl(t) + vi(t), (12)

where p¢ (t) is decided by both the base load of the i-th microgrid (Chiu et al.,[2015) and a
scaling factor:

() = (L+ ha(1))bi (D), (13)
where h;(t) is defined as:

0.01\%(t) — 0.12X\(t) +0.26, ifi=1
hi(t) = { —0.01A%(t) + 0.13, ifi=2. (14)
—0.01A\%(t) + 0.02\(¢) +0.08, ifi=3

The state space is S C R"*2 where Vs € S, we have s = (¢, p{(t),...,pd(t), A(t)". The
action space is A C R™ ! where Va € A, we have a = (AX(t), Ap{(t),..., Apd. (75))T

B.3 PEER ALGORITHMS

In our experiments, we consider two types of peer algorithms. The first category consists of preference-
based MORL algorithms from the literature:

* MORL-Adaptation (Yang et al.;2019): By generalizing the Bellman operator to MORL
problems, MORL-Adaptation learns a universal parametric representation for all latent
preferences. After the training phase, the learned policy can adapt to a given preference
without further adaptation.

e META-MORL (Chen et all [2019): META-MORL formulates MORL as a meta-learning
problem conditioned on a task distribution over preferences. After the training phase, the
learned policy can be adapted to a DM-specified preference through a fine-tuning phase.

* MOMPO (Abdolmaleki et al.,|2020): MOMPO learns an action distribution for each objective
in each round of policy training and updates the policy by fitting it to a combination of
action distributions. Before the training phase, a set of parameters representing the DM’s
preference for each objective is provided, controlling the learning rate of the corresponding
action distribution.

* MORAL (Peschl et al., [2022)): MORAL first learns a multi-objective reward function from
demonstrations. Then, similar to our proposed PBMORL, it learns the DM’s preference as a
weight vector based on the Bradley-Terry model (Bradley & Terry, [1952)) to guide the policy
optimization.

The second category comprises conventional MORL algorithms that do not take the DM’s preference
information into account.

* RA (Parisi et al.} 2014): RA transforms a MORL problem into several single-objective RL

tasks by weighted aggregations. Different from our proposed PBMORL, RA solves these
tasks independently.
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Figure 5: System operation model of the network of microgrids.

Table 3: Lookup table of the mathematical notations used in the MMSD problem (Chiu et al., [2015).

SYMBOL | DESCRIPTION

n The number of microgrids

N The number of microgrids with power storage
t The current time step

T The length of one episode

The sum of power given to all of microgirds at the ¢-th time step
The power given to the i-th microgrid at ¢-th time step
The power demand of the i-th microgrid at the ¢-th time step

oS

> =T
TR
IO
==

(t) The power price at the ¢-th time step
si(t) The power storage of the i-th microgrid at the ¢-th time step
v (t) The energy that the distributed power gives to the i-th microgrid at the ¢-th time step
bi(t) The base load of the i-th microgrid at the ¢-th time step

¢ The maximum rate of storage charging and discharging

li The lower bound of the energy storage of the i-th microgrid

u; The upper bound of the energy storage of the i-th microgrid

* MOIA (Chiu et al), 2015): MOIA is a dedicated multi-objective evolutionary algorithm
tailored for the multi-microgrid system design problem.

* PGMORL (Xu et al.| [2020): Designed to optimize multiple policies in parallel, PGMORL
iteratively adjusts the directions based on a predictive method.

All peer algorithms used the same number of environment steps, and Table [d]lists the key hyperpa-
rameters used in our experiments.

C ADDITIONAL EXPERIMENTAL RESULTS

C.1 PBMORL SCALES EFFECTIVELY TO MANY-OBJECTIVE SETTINGS

Most existing MORL algorithms only consider 2-3 objectives, with only a few toy-level environ-
ments (Reymond et al.|[2022)) involving more. However, we believe that it is important to examine
the scalability of PBMORL in higher-dimensional objective spaces. To this end, we design and run a
5-objective experiment on the challenging Unitree Go2 task. The five objectives are:
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Table 4: List of the hyperparameter settings used in our experiments.

HYPERPARAMETER MuJoCo (m =2) MulJoCo (m =3) Microgrid
# of environment steps 8 x 10° 8 x 10° 4 % 10°
# of environment steps for the seeding stage 4 % 10° 4 % 10° 4 % 10*
# of interactions with the DM 40 40 40

# of subtasks built before starting PBMORL 6 21 21

# of microgrids 3

# of microgrids with energy storage 2

* Objective 1 (maximize forward speed): 7 vei = Viin_vel, Which encourages higher forward
speed.

* Objective 2 (minimize joint torque): rq = —C; Eil 72 + 0.1, which penalizes high
joint torques to reduce energy consumption and wear on the actuators.

* Objective 3 (minimize vertical velocity): 7y, ve, = —C. Vjin_vel + 0.1, which penalizes
the robot’s vertical (Z-axis) velocity to encourage stable planar movement.

* Objective 4 (minimize horizontal angular velocity): rug vei xy = —ClWang velxy + 0.1,
which penalizes angular velocity in the horizontal (X and Y) axes to promote smoother and
more controlled rotations.

* Objective 5 (minimize action rate): 7,cjonrae = —Co D (a;_1 — a¢)? + 0.1, which
penalizes large changes in action commands between consecutive steps, fostering smoother
and more consistent control actions.

The scaling factors in the reward functions are used to bring different reward signals to a comparable
magnitude, where C;, = 5 x 1073, C, = 5, C,, = 0.15, and C, = 0.01.

As shown in Table [5] PBMORL successfully identifies high-quality policies aligned with human
preferences even in the 5-objective environment. Compared to the original 2-objective results in
Table[T] its performance remains remarkably strong, exhibiting only a minor drop despite the increased
complexity of optimizing in a 5-objective space.

Table 5: Results in the 5-objective scenario.

Preference Reward Vector Average Speed (m/s) T  Average Torque (N-m) |
Stationary [0.10,98.0,98.8,99.4,99.9] 0.005 6.928
Moderate speed  [62.6, 82.8,86.7,60.4, 81.9] 3.130 20.317
High speed [108.2,53.2,39.6,43.0, 44.8] 5.410 33.514

C.2 COMPARISON WITH PREFERENCE-BASED MORL

This section presents the complete results of PBMORL compared with peer algorithms, including
MORL-Adaptation, META-MORL, MOMPO, and MORAL. Fig. @ illustrates the non-dominated
policies obtained by different algorithms, while Table@ summarizes the results of e* (II) for PBMORL
versus peer algorithms over 10 runs, reporting both the mean and standard deviation.

C.3 COMPARISON WITH CONVENTIONAL MORL

The goal of PBMORL is different from the conventional multi-policy MORL, which aims to approxi-
mate the entire Pareto front (PF). In contrast, we aim to identify the optimal policies align with DM’s
tacit preferences, which only represent a small portion of the PF. Particularly, such preferences can
be some human intent, such as walking like a dog in our Unitree robot cases.

However, to more thoroughly evaluate our method, we compare our proposed PBMORL against four
conventional MORL algorithms, which do not consider preferences, including PGMORL(Xu et al.,
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Figure 6: Plots of non-dominated policies obtained by PBMORL vs MORL-Adaptation,

META-MORL, MOMPO and MORAL.

[2020), PDMORL(Basaklar et al.}[2023)), RA (Parisi et al.l [2014) and MOIA [20T5). Note

that since RA, PGMORL and PDMORL were merely designed for the MUJOCO environment while
MOIA was deliberately designed for the MMSD environment, we only compare with them on their

dedicated environment, respectively.

In addition to approximation accuracy €*(I1), we introduce average accuracy €(II) as an additional
evaluation metric. The average accuracy measures the mean distance of all non-dominated policies

in II to the DM-preferred policy, defined as:
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Table 6: Comparison results of ¢*(II) of PBMORL versus MOMPO, META-MORL,
MORL-Adaptation and MORAL over 10 runs with mean and standard deviation.

PBMORL MOMPO META-MORL  MORL-Adaptation MORAL
P
Ant—v2 ‘ h ‘ 7.709(1.68E — 3) 8.910(1.81E—2) 8.355(1.36E—2) 9.686(8.53E—3) 8.926(1.18E—2)
‘ fa ‘ 7.637(6.98E — 4) 8.914(2.05E—3) 8.446(4.52E—3) 9.633(3.37E—3) 8.377(2.49E-3)
HalfCheetah—v?2 ‘ fi ‘ 7.541(3.21E — 6) 7.953(1.05E—4) 7.752(1.7TE—4) 8.743(1.52E—4) 7.545(9.73E—5)
) ‘ 7.500(3.70E—9)  7.500(7.72E —8) | 7.980(4.57TE—8) 8.561(1.55E—7) 7.500(5.66E — 8)
Hopper—v2 | /1] 6.221(1.14E - 2) 6.828(3.60E—3)  6.404(3.54E—3) 9.662(2.32E—3) 6.236(2.42E—3)
| fo | 4587(2:250E —2) 8.583(2.31E—2)  4.930(4.68E—1) 9.942(6.12E—2) 9.761(7.94E—1)
Humanoid—v2 ‘ il ‘ 2.362(2.51E — 2) 9.292(4.17E—1) 8.679(5.18E—-2) 9.554(8.33E—-2) 5.599(6.40E—2)
‘ fa ‘ 4.099(6.96E — 7) 8.993(1.84E—2) 9.083(2.84E—-3) 9.912(8.34E—-2) 9.776(1.34E—2)
Swimmer—v2 ‘ fi ‘ 9.747(1.12E — 4) 9.913(6.88E—4) 9.933(5.58E—-3) 9.941(1.87E—-3) 9.759(2.99E—5)
| /2 | 9.850(1.00E — 12) 9.850(2.87E —9) 9.860(3.34E-7)  9.850(L.09E — 8)  9.850(7.22E — 9)
Walker2d—v2 | /1| 8.048(9.T7TE —4) 8.905(5.78E—3)  8.267(1.26E—2) 9.271(4.22E-3) 8.850(6.31E-3)
| f2| 7.500(3.21E —8) 7.643(6.78E—3)  7.528(2.39E—6) 8.602(6.61E—3) 7.500(1.92E — 7)
‘ il ‘ 6.020(8.91E — 8) 6.821(2.91E-7) 6.773(3.51E—5) 9.070(8.77TE—4) 6.391(6.98E—6)
Hopper-v3 ‘ fa ‘ 4.346(2.02E — 3) 7.295(1.72E-3) 6.032(3.55E—3) 9.411(3.87E—-2) 5.263(9.21E-3)
| /5| 7.500(1.90E —8) 7.500(2.63E —6) 7.522(3.96E-6) 7.500(5.47E —7)  7.500(4.54E —7)
‘ fi ‘ 1.149(8.85E — 4) 2.418(3.39E-3) 2.737(9.05E—3) 4.69(7.22E-3) 2.48(6.72E—4)
MMSD ‘ f2 ‘ 0.000(4.87E —7) 1.366(9.02E—4) 1.317(8.62E—4) 7.020(2.31E—4) 0.672(5.56E—5)
‘ 3 ‘ 0.030(9.78E — 8) 0.102(4.57TE—6) 0.071(8.76E—5) 0.244(9.94E—4) 0.124(1.29E-5)
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Figure 7: Plots of non-dominated policies obtained by PBMORL versus PGMORL, RA, and MOIA with
different preferences.

Table 7: Comparison results of ¢*(II) and €(II) of PBMORL versus PGMORL, RA and MOIA over 10
runs with mean and standard deviation.

| PBMORL | PGMORL | RA | MOTA
| €*(IT) €(In) | (I €(In) | € (1) (1) | (1) €(In)
Antov2 | fi [[T709(1.68E=3)  7.880(3:32E=2) | 8.383(5.07E—3) 8.898(7.39E—2) 7.795(2.40E—3) 8.506(6.13E—3)
| f | 7.637(6.98E—4) 7.751(1.65E — 4) 8.042(9.23E-3) 2(1.57E—2)  8.287(6.99E—3)  8.965(1.66E—3)
HalfCheetan—ye | /1 [N TBANE2IB=6) 1 7542(T53B=6)1| 7.554(1.81E-5) A(7.4A6E—4) 7.542(1.14E—5) 8.583(4.29E—4)
| fo [ 7:500(3.:70E=9) 7.508(LATE=4) 7.506(2.31E-5)  7.720(2.61E—4) 7.504(2.44E-5) 7.670(4.61E—5)
Hopper—v2 | /i | 6.221(1.14E - 2) 6.299(1.57E — 2) 6.744(9.76E—4) 6.891(1.25E—1)  6.467(3.78E—2) 7.270(9.95E—2)
| fo |T4B87(225E=2) 4972(311E=2) 6.1608.05E-2)  7.305(6.48E—2) 4.903(3.99E—2) 5.910(1.48E—3) ~.

Humanoid-va |1 [[2:862(2518=2) 2.583(149E = 1) 3.796(L19E-2)  5.006(295E—2) 4.719(9.07E—2) 5.783(180E—2)
| o | 4099(6.96E—7) 4.143(9.79E - 5) 4.393(2.76E—2) 5.06(6.93E—3)  4.451(2.06E—2)  4.67(1.54E—3)
swimmor—yy |11 [NOTAT(UI2E=4) N O749(LA9E=4) 1 9.753(1.25E-5)  9.842(9.00E—5) 9.756(4.32E—4) 9.913(4.84E—1)
| f2 [19:850(1.00E=12) 9:850(3.:67E~12) 9.850(1.08E=7) 9.894(1.80E—6) 9.852(1.11E—6) 9.898(2.63E—5)
Walkerzdyy M1 [[S048(97TE=4) I 8116(395B=3) S.180(L10E-2)  SS870(290E-2) 8.207(5.48E-3) 9.110(1.23E-2)
| fo | 7500(8:21E=8)  7.506(8:84E=5) 7.500(1:28E = 7) 7.786(3.84E—4) 7.502(8.30E—6) 7.835(2.54E—3)
| fi |16:020(8:91E=8) " 6:203(144E=3) 6.169(1.74E-3)  7.56(4.22E—3) 6.283(2.37E—3) 8.331(1.55E—2)
Hopper-v3 | f, |[4:346(2:02E=3) | 4:539(1.97E=2) | 4.825(1.80E-3)  7.131(3.34E-3) 8.428(2.40E—2)
| /5 | 7:500(1.90E =8)  7.502(1.23E~5) 7.500(7.84E ~8)| 8.201(4.15E-3) 7.501(6.27E-7) 7.984(3.80E—4)

| fi| 1.149(8.85E —4) 1.846(3.88E —5) 1.845(1.81E—3)  3.902(2.56E—3)

MMSD | /2| 0.000(4.87E—7) 0.511(3.41E —6) ~ 1.001(7.35E~7)  5.051(4.09E—7)

| /| 0.030(9.78E —8)  0.050(5.74E — 8) 0.061(2.14E—7)  0.090(5.22E—8)
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Figure 8: Plots of non-dominated policies obtained by PBMORL versus PDMORL on different MuJoCo
tasks.

Table 8: Comparison results of ¢*(II) and €(II) of PBMORL versus PDMORL over 10 runs with mean
and standard deviation.

PBMORL | PDMORL
e*(ID) &(11) | e (1) &(11)
7.709(1.68E — 3) 7.880(3.32E — 2) 7.698(3.13E—3) 8.370(3.82E—-2)
7.637(6.98E — 4) 7.751(1.65E — 4) 7.662(4.73E-3) 8.528(2.17E—-3)
T541(3:21E=6) | 7.542(7T53E=6) 7.794(1.47E—5)  8.782(1.37E—4)
7.500(3.70E — 9) 7.508(1.17E — 4) 7.532(1.85E—5) 7.829(3.15E—-5)
6.221(1.14E — 2) 6.299(1.57E — 2) 7.296(4.25E—2) 8.305(1.72E—-1)
4.587(2.25E — 2) 4.972(3.11E — 2) 5.399(4.79E—2) 6.345(3.11E—-3)
2.362(2.51E — 2) 2.583(1.49E — 1) 8.288(3.28E—1) 8.426(5.4TE—-3)
4.099(6.96E — 7) 4.143(9.79E — 5) 5.795(8.63E—2) 5.958(4.41E—3)
9.747(1.12E — 4) 9.749(1.49E — 4) 9.748(7.7TTE—5) 9.821(9.72E-5)
9.850(1.00E —12) 9.850(3.67E — 12) 9.850(2.95E — 6) 9.913(2.55E—5)
8.048(9.77TE —4) 8.116(3.95E — 3) 8.276(4.82E—3)  9.042(2.16E—2)
7.500(3.21E — 8) 7.506(8.84E — 5) 7.567(5.58E—3) 8.053(4.99E—-2)

Ant-v2

HalfCheetah-v2

Hopper-v2

Humanoid-v2

Swimmer-v2

Walker2d-v2

[ A
| f2
[ A
| f2
[ A
| f2
| fi
| f2
| A
| f2
[ A
| f2

where | - | is the cardinality of a set.

We plot the non-dominated policies found by different algorithms in Fig. [7]and Fig.[8] Overall,
the comparison results can be classified into two categorizes. The first category is on Ant-v2,
Swimmer-v2, Walker2d-v2, and Hopper-v3. The non-dominated policies obtained by RA
and PGMORL approximate a wide range of objective space, while the policies found by our proposed
PBMORL are notably biased towards the DM’s specified objectives, i.e., the ROIL. This explains
the comparable results of PBMORL regarding RA and PGMORL on €¢*(II) shown in Table [7| where
PBMORL and PGMORL even achieve the same mean €*(IT) values. However, if we refer to the €(II),
we can see that PBMORL is significantly better, indicating that the average performance of PBMORL in
approximating the policies of interest outperforms RA and PGMORL. This is expected, as both RA and
PGMORL identify too many policies outside the ROI. As for the other cases, i.e., Hal fCheetah-v2,
Hopper-v2, and Humanoid-v2, neither RA nor PGMORL can find the complete PF. In contrast,
PBMORL can discover reasonable non-dominated policies that meet the DM’s preferred objectives.
Consequently, as the comparison results of ¢*(II) and €(IT) shown in Table(7|and Table (8] we can
see that PBMORL are consistently the best. As for the MMSD environment shown in Fig. [/} we can
see that the policies obtained by MOIA are completely dominated by those found by PBMORL. This
observation is also supported by the superior performance of €*(II) and €(II) shown in Table

C.4 ILLUSTRATION OF THE LEARNING PROCESS

To provide a qualitative understanding of the learning dynamics, Fig.[9]depicts the evolution of the
discovered Pareto front throughout training under the high-speed preference.
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Figure 9: Training process under the high-speed preference in the Unitree Go2 robot control task.
Subfigures A-J illustrate the evolution of the non-dominated policy set over time.

C.5 GOLDEN POLICY

Note that calculating both €*(IT) and €(IT) needs to specify a golden policy 7*, which is represented
as a m-dimensional hyperplane. Specifically, if we consider that the DM always prefers one objective
over the others, 7* is defined as f;(7*) = 10, 000, where i is the objective index preferred by the
DM. As for the MMSD problem, we set f1(7*) = 0 or fo(7*) = 0 if the DM prefers the first or the
second objective, while we set f3(7*) = 450 if the DM prefers the third objective.

D FURTHER ANALYSIS

The previous experiments demonstrated the effectiveness of PBMORL for finding the policies of
interest according to the DM’s preferences. In this section, we further analyze several core algorithmic
components by addressing the following five research questions (RQs).

RQ1: What is impact of the interaction frequency?

RQ2: What is the benefit of our GP-based preference learning module?

RQ3: When do we consult the DM?

RQ4: What is the impact of the parameters x; and x5 in the preference translation step?
RQ5: What if the DM’s preference is not determinstic?

RQ6: What if we use other the aggregation function other than the linear aggregation in equation (2?)?
RQ7: What is the impact of the duration of the seeding phase?

RQS8: What is the impact of the parameters «, 5 and 7?

D.1 PBMORL EFFICIENTLY IDENTIFIES HUMAN PREFERENCES

In the consultation stage, more frequent interactions with the DM would generate more oracles
for preference learning. However, this also significantly increases the DM’s workload. To address
RQ2, we set the number of interactions to 20 and compared this with 40 and 10 consultations. The
results are shown in Fig.[T0]and Table[9] As seen in Table[9] PBMORL achieves strong performance
even with as few as 10 to 20 interactions. Specifically, PBMORL with only 10 interactions still
outperforms MORAL on most tasks. We observe that reducing the number of interactions does
not negatively impact PBMORL’s performance on some problems like HalfCheetah-v2 with
a preference for fo. However, for other problems like Walker2d-v2 with a preference for fs,
decreasing the number of queries to 10 can significantly hurt PBMORL’s performance. On the other
hand, increasing the number of interactions does not bring significantly better performance but can
increase the DM’s cognitive load.
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Figure 10: Comparison results of ¢*(II) and €(II) obtained by PBMORL with 10, 20, and 40 interac-
tions, respectively.

D.2 GP-BASED PREFERENCE LEARNING ENABLES SUPERIOR PERFORMANCE

In principle, any off-the-shelf preference learning methods can be used for modeling the DM’s
preference information. To validate this assertion, we construct two variants of PBMORL, dubbed
RSMORL and WLMORL. They replace the preference learning method introduced in Section [3.2.2]
with a classic preference learning approach ranking-SVM (Joachims, [2002)) and a preference learning
method in RL (Wirth et al., 2016), respectively. Note that all variants apply one query at each round
of policy optimization, as done in PBMORL. The comparison results shown in Table [[0]demonstrate
the better performance of PBMORL on most problems. Specifically, comparing to RSMORL, our better
performance not only highlights the superiority of GP for preference learning, but also showcases the
benefits of uncertainty provided by GP prediction for better exploration. Comparing to WLMORL as
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Table 9: Comparison results of PBMORL with different numbers of interactions.

‘PBMORL(40queries) PBMORL(20 queries) PBMORL(10 queries) MOMPO META-MORL MORL-Adaptation MORAL

Ant—v2 | fi] 7.709 7.710 7.833 | 8.910 8.355 9.686 8.926
| f2 | 7.637 7.690 7.690 | 8.914 8.446 9.633 8.377
HalfCheetah-v2 | fi] 7.541 7.541 7.543 | 7.953 7.752 8.743 7.545
| f2 | 7.500 7.498 7.582 | 7.500 7.980 8.561 7.500
| f1] 6.221 6.405 6.527 | 6.828 6.404 9.662 6.236
Hopper-v2
| f2 | 4.587 4.601 5.355 | 8.583 4.930 9.942 9.761
. | fi] 2.362 5.164 5.773 | 9.292 8.679 9.554 5.599
Humanoid-v2
| fa] 4.099 4.495 5.173 | 8.993 9.083 9.912 9.776
. | fi] 9.747 9.749 9.747 | 9.913 9.933 9.941 9.759
Swimmer-v2
| f2 | 9.850 9.850 9.850 | 9.850 9.860 9.850 9.850
Walker2d—v2 | ] 8.048 8.337 8.502 | 8.905 8.267 9.271 8.850
| f2 | 7.500 7.699 9.541 | 7.643 7.528 8.602 7.500
| fi] 6.020 6.081 6.101 | 6.821 6.773 9.070 6.391
Hopper-v3 | f2 | 4.346 4.833 5.796 | 7.295 6.032 9.411 5.263
| fs ] 7.500 7.500 7.500 | 7.500 7.522 7.500 7.500
| fi] 1.149 1.149 1.149 | 2418 2.737 4.69 2.48
MMSD | f2 | 0.000 0.000 0.000 | 1.366 1.317 7.020 0.672
| f3 | 0.030 0.031 0.031 | 0.102 0.071 0.244 0.124

Table 10: Comparison results of e*(IT) and €(IT) of PBMORL versus RSMORL and WLMORL over 10
runs with mean and standard deviation.

PBMORL | RSMORL

e*(II) | €(11) | e*(IT)
7.709(1:68E=3) | 7:880(3132E=2) | 8.333(1.44E-5)
7.637(6.98E — 4) | 7.751(1.65E —4) | 7.722(1.24E-5) 7.998(5.72E—3) 7.695(8.T4E—T7)
7.541(3.21E = 6) | 7.542(7.53E = 6) | 7.566(3.71E—4) 7.721(5.29E—4) 8.397(1.31E—4)

| WLMORL
\ \
\ \
\ \
\ \

7.500(3.70E — 9) \ 7.508(1.17E — 4) \ 7.500(2.47E — 7) \ 7.541(2.14E—6) \ 7.508(7.98E — 3)
\ \
\ \
\ \
\ \
\

(1)
8.796(6.22E—3)

€ (II)
7.746(1.35E—5)

2(II)
7.949(5.02E—3)
7.956(2.23E—4)
9.233(8.53E—2)
7.544(8.98E—2)
9.631(5.16E—3)
9.730(6.21E—3)
9.353(6.74E—2)

Ant-v2

HalfCheetah-v2

6.221(1.14E — 2) | 6:299(1.57E—2) | 9.566(8.17E—5) 9.642(5.58E—2) 9.421(6.43E—7)
4587(2:25E — 2) | 4.972(3.11E—2) | 8.351(5.29E-5) 8.635(3.68E—2) 9.922(3.11E—-5)
2:362(2.51E —2) | 2:583(8:31E 1) | 6.324(5.21E-5) 6.543(5.19E—3) 9.236(5.66E—5)
4.099(6:96E — 7) | 4.143(9.7T9E —5) | 4.818(5.80E-5) 5.076(2.29E—2) 8.718(1.39E—6) 8.728(5.21E—2)
9.747(1.12E — 4) | 9.749(1.49E —4) | 9.716(6.23E—5) | 9.762(7.22E-3) 9.884(7.22E—3) 9.894(2.39E—3)
9.850(1.00E — 12) | 9.850(3.67E — 12) | 9.850(5.39E — 8) | 9.850(1.12E — 7) | 9.850(8.84E — 7) | 9.850(6.23E — 6)
8.048(9.77E —4) | 8.116(3:95E—3) | 8.636(5.13E-5) | 8.928(7.11E-2) | 8.609(4.26E—5) 8.897(9.21E—3)
7.500(3:21E — 8) | 7.506(8:84E —5) | 7.500(6.64E —6) | 7.534(8.34E-4) | 7.600(1.14E—5) 7.673(9.96E—3)

\

\

Hopper-v2

Humanoid-v2

Swimmer-v2

Walker2d-v2

6.020(8.91E—8) 6.203(1.44E — 3) | 5.981(5.12E = 5) | 6.250(9.75E—3) 6.858(6.75E—6) 7.736(7.34E—3)

Hopper-v3

e S Y N N A A S R Y R RN Y

\
\
\
\
| 7.500(4.34E — 3)
\
\
|

|
4.346(2.02E — 3) | 4.539(1.97E —2) | 5.0002.66E-5) | 5.272(9.74E—4) 8.611(1.74E—6) 9.657(8.72E—4)
7.500(1.90E — 8) | 7.502(1.23E —5) | 7.500(2.74E —4) | 7.510(8.82E~3) | 7.500(1.08E — 6)
1.149(8:85E —4) | 1.846(3.88E—5) | 1.149(1:34E — 3) | 2.382(5.87E-2) [ 1.149(5.88E—5)| 2.397(1.74E-3)
HSP 0.000(4.87E —7) | 0.511(3:41E—6) | 0.000(2:62E —5) | 1.558(6.62E—3) | 0.000(2:34E—5) | 1.045(3.78E—4)
0.030(9.78E — 8) | 0.050(5.74E —8) | 0:030(1.22E —5) | 0.081(8.87E-7) [ 0.030(3:54E—6) | 0.074(3.79E—4)

well as MORAL, our better performance demonstrates that learning preferred weight vector(s) is less
reliable than learning the DM’s preference in the objective space.

D.3 A PRIORI PREFERENCES ARE DIFFICULT TO SPECIFY CORRECTLY

In addition to the interactive preference elicitation considered in PBMORL, DM’s preferences can
also be incorporated in a priori or a posteriori manner. From the comparison results discussed in
Appendix [C.3] we can see that the a posteriori method may fail to identify the policy of interest
in some of the challenging problems. The better performance of PBMORL against the other four
peer preference-based MORL, as shown in Section 4.2} demonstrate that the interactive MORL
outperforms the a priori method. To have a better understanding of the discrepancy between the a
priori and interactive preference elicitation, we plot the corresponding weight vector a priori specified
by the DM versus those identified by PBMORL, as shown in Fig. From these plots, we can see that
the weight vector specified by the DM is always outside the region of interest (ROI). From the DM’s
perspective, it is not intuitive for the DM to elicit an appropriate weight vector a priori given the
black-box nature of the problem itself. Our experiments demonstrate that there is even no guarantee
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Figure 11: Comparison of the weight vector specified by the DM a priori versus the ROI identified

by PBMORL (shaded in the gray region).

to find good non-dominated policies without considering the DM’s preference information before a

posteriori decision-making.

D.4 ANALYSIS OF K1 AND Ko

Inthe preference translation step, there are two hyperparameters x; and x9 that implic-
itly control the balance between exploration versus exploitation. Specifically, a larger x; indi-
cates a greater reliance on learned preference information to guide policy optimization, while a

larger ko emphasizes random exploration. We

set K1 = 80% x |II] and k2 = 20% x |II| as the

default. To address RQ4, here we empirically compare the the default setting with three other
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Table 11: Comparison results of ¢*(IT) and €(II) on different settings of x; and 2 over 10 runs with
mean and standard deviation.

| 1 = 100% x 1], k2 = 0 | ri1 = 80% x [I1], wa = 20% x |IT | r1 = 50%  [I1], w2 = 50% x |IT | 1 =20% x [,y = 80% x |II]
| e (M) | (1) | (M) | (M) | (1) | (1) | (1) | (1)

| fi | 7541(7.65E—8) | 7:542(6:34E7) | T541(321E—6) | 7542(T53E6) | 7.550(624E8) | TSSA(TTSE-T) | T55IB.T5E-8) | 7.562(2.56E-7)

| /> | 7.500(6.76E — 10) | 7.508(3.19E —9) | 7.500(3.70E —9) | 7.508(1.17E—8) 7.500(4.42E - 9) | 7.522.12E 1)  7.500(6.24E—6) | 7.531(3.28E )

)| 949(1A9E=4) | 9.770G.63E—4) | 9.773(3.29E-5) | 9.763(6.T9E-5) | 9.768(1.12E—5)

HalfCheetah-v2

swimmer—vz |11 9T6LGTIE=5) | 9762B.7TSE—1) | 9TAT(AZE-4
| /2 | 9.850(4.55E — 10) | 9.850(7.87E — 11) | 9.850(1.00E — 12) | 9.850(3.67E — 12) 9.850(2.56E — 10) | 9.850(7.73E — 10) 9.850(6.66E — 9) | 9.850(8.34E — 9)
valkerzays ALl SG12237TE—1) | S.652G.17E-4) | 8048(O77TB=4) | S116(395E=8) | S623S13E-3) | ST38E32E-2) | S5I3(T3E-4) | S6TI(G.35E-3)
| f2 | T500(661E=6) | 7.593(6.25E-5) | 7.500(3:21E=8) | 7.:506(884E=5)  7.500(727E=6) | 7.510B3.90E—4) [TB00(L2ZE=E)| 7.516(3.28E—4)

k1 € {100% x |I1],50% x |I1|,20% x |II|} on three example problems, including Walker2d-v2,
HalfCheetah-v2, and Swimmer—-v2. From the comparison results in Table[T] we find that the
setting with k1 = 80% x |II] and k2 = 20% x |II| consistently achieves the best performance when
considering €*(II). On the other hand, when considering €(II), the outcomes depend more on the
characteristics of the individual problems. In general, we find that a large x; and a nonzero x4 are
efficient for most situations.

D.5 PBMORL EFFECTIVELY HANDLES FUZZY PREFERENCES

The DM’s preferences discussed so far in our experiments are all deferministic. That is to say DMs
are assumed to prefer only one objective function over the other(s). However, it is not uncommon that
DMs can be blurry about their preference. For instance, the DM can be more into one objective (say
70%), but she also gives certain level of priority (say the remaining 30%) to the other objective(s).
Here, we conduct an experiment that considers a fuzzy type of preference. From the plots of the
non-dominated policies found by different types of preference settings in Fig. we find that our
proposed PBMORL can also be used to find trade-off policies with a controllable bias towards one of
the objectives, instead of a polarized preference. However, we also find that the trade-off policies
found by PBMORL in Ant-v2 are further polarized in the less preferred objective. This can be
attributed to the intriguing interaction of two objectives in Ant —v2 or the difficulty of PBMORL when
tackling this environment. All in all, it is an interesting and important future direction to investigate
more diversified types of preference elicitation methods under the PBMORL framework.
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Figure 12: Selected plots of the non-dominated policies obtained by PBMORL with different types of
preference settings. One is deterministic preference on one objective while the other is a fuzzy type of
preference.

D.6  PBMORL REMAINS ROBUST UNDER DIFFERENT AGGREGATION FUNCTIONS

As one of the key components of PBMORL, the seeding module works as a conventional MORL to
search for a set of promising trade-off policies that approximate the PF. While we applied a linear
aggregation in PBMORL for a proof-of-concept purpose, it has been notorious in the multi-objective
optimization domain (e.g., (Debl 2001; Zhang & Li, 2007 Li et al., [2021)) that equation (??) can
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Table 12: Comparison results of ¢*(II) and €(II) of PBMORL against PBMORL-TCH over 10 runs
with mean and standard deviation.

| PBMORL-TCH | PBMORL
| e*(II) | €(II) | e*(II) | €(IT)
Ant_v2 | f1 | T738(6.41E—3) | 7.866(5.09E—2) | 7.709(1.68E—3) | 7.880(3.32E—2)
| f2| 7.700(.70E-3) | 7.87(2.06E-2) | 7.637(6.98E~4) | 7.751(1.65E —4)
HalfCheetah—v2 | f1| 7.543(2.00E—6) | 7.591(1.06E—2) | 7.541(3.21E—=6) | 7.542(7.53E —6)
| fa| 7501(3.23E-7) | 7.510(2.63E-5) [ 7.500(3.70E ~9) | 7.508(1.17E —4)
Hopper—v2 | f1 [ 6203(B.7T1E=3) | 6.301(1.13B—2) | 6.221(1.14E-2) 6.299(1.57E — 2)
‘ f2 ‘ 4.700(4.34E—-2) ‘ 4.904(1.04E — 1) ‘ 4.587(2.25E — 2) ‘ 4.972(3.11E-2)
Humanoid—v2 | /1 | 2230(3.64E —4) | 2:289(3.39E —5) | 2.362251E-2) | 2.583(1.49E—1)
‘ f2 ‘ 4.224(3.55E—3) ‘ 4.284(2.72E—-3) ‘ 4.099(6.96E — 7) 4.143(9.79E — 5)
Swimmer—v2 [ fi ] 9751(T.69E-5) | 9.752(1L.0AE—4) | 9.747(1.12E —4) | 9.749(1.49E - 4)
| f2 | 9.850(3.13E — 12) | 9.850(1.04E —7) | 9.850(1.00E —12) 9.850(3.67E — 12)
Walker2d—v2 ‘ fi ‘ 7.922(1.76E — 1) ‘ 8.067(1.86E — 1) ‘ 8.048(9.77TE—4) ‘ 8.116(3.95E—-3)
| f2 | T.500(4.7T4E—6) | 7.525(3.65E—4) | 7.500(3.21E—8) | 7.506(8.84E —5)
| fi] 6.3605.29E-2) | 6.582(6.21E—2) |16:020(8:91E=8)116:203(144E=3)
Hopper-v3 | fo | 4333(1.58E—1) | 4434(421E—4) | 4.346(2.02E-3) | 4.539(1.97E—2)
| f3 | 7:500(5.60E = 6) | 7.506(2.05E—5) | 7.500(1.90E ~8) | 7.502(1.23E - 5)
| fi] 11693.96E—1) [1.206(5.20E—4) | 1.149(8.85E —4) | 1.846(3.88E—5)
MMSD | f| 0016(4.94E—4) [0.086(1.13E~2) | 0.000(487E~7) | 0.511(3.41E—6)
| fs| 0.039(5.00E-7) [ 0.047(2.45E—5) | 0.030(9.78E—8) | 0.050(5.74E—8)
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Figure 13: Plots of the non-dominated policies obtained by PBMORL versus PBMORL-TCH with
different preferences on each objective

be ineffective to search for solutions located in the non-convex region(s) of the PF. In contrast, the
following weighted Tchebycheff aggregation function has been widely recognized to be applicable to
problems with both convex and non-convex regions in the PF:

J(m,w,z) = ie{r{laxm} {wi|Ji(m) — 2}, (16)

where z = (21,--- ,2m,) | is the utopia point. Note that all objective functions in this paper are
considered being maximized, whereas there is no a priori knowledge about the maximum of each
objective function. In this case, we set z as the nadir point instead, i.e., z; = 0,7 € {1,...,m}. To
investigate RQ6, we replace equation (??) as equation (I6) in the seeding module of PBMORL to
constitute a variant dubbed PBMORL~-TCH. Note that our proposed PBMORL is a general framework
that each component can be adapted to any other techniques in a plug-in manner. From the comparison
results of €*(IT) and €(IT) shown in Table along with the non-dominated policies shown in Fig.
we can see that the performance of PBMORL and PBMORL-TCH is close to each other. This can be
explained as the PF of the MORL problems considered here are all with convex PFs. The robust
performance PBMORL~-TCH also provides us confidence to extend our proposed PBMORL framework
for handling problems in more complex environments.

28



Under review as a conference paper at ICLR 2026

_ NObjelstiveZ o
. B EE & EE

Humanoid-v2

Ant-v2

Swimmer-v2

L XN

o a]

2500

2000

Objective 2

1500

1000

500

160

120

80

%i 40

Objective 2

§§F

2000 3000 4000 5000 6000

7000 8000

500 1000

1500 2000 2500 0

50 100 150 200 250 300

Objective 1 Objective | Objective 1

Figure 14: Impact of the duration of the seeding phase on Humanoid-v2, Ant-v2, and Swimmer-v2.

Table 13: Sensitivity analysis for a.

D.7

Preference «  Average Speed (m/s) T Average Torque (N'm) |
Stationary 0.1 0.006 10.468

1.0 0.004 6.275

2.0 0.004 7.193
Moderate speed 0.1 3.855 39.302

1.0 2.600 13.682

2.0 3.302 20.739
High speed 0.1 4.379 41.468

1.0 5.544 28.463

2.0 4.882 40.971

IMPACT OF THE DURATION OF THE SEEDING PHASE

In the early stages of training, policies perform very poorly, and interacting with the DM using such
low-quality policies is inefficient. Thus, we introduce a seeding module that initially trains with a
fixed set of preference weights to obtain a set of moderately performing policies, which then serve as
the foundation for further preference learning. We investigate the impact of the seeding module’s
duration on the final performance across three different MuJoCo tasks. The results are presented in
Fig.|14] They show that in simpler environments (e.g., Swimmer-v2) the seeding module has minimal
effect, whereas in more complex settings (e.g., Humanoid-v2) its influence is more significant. This
may be because in simpler tasks, acceptable policies can be learned quickly even without a dedicated
seeding stage.

D.8 ANALYSIS OF a, 8 AND 7}

We conduct sensitivity analyses for « in equation and @ in Section [3.2.3] with the results
summarized in Table [[3]and Table [[4

The parameter o controls the balance between exploration and exploitation during preference consul-
tation. A larger o encourages querying policies with higher uncertainty. In our main experiments,
we set @ = 1.0, and additionally test & € {0.1,2.0}. As shown in Table o = 1.0 yields the
best trade-off across all three preference settings, while o = 0.1 (insufficient exploration) leads to
significantly worse performance.

The parameter 3 balances exploitation and uncertainty when ranking policies. In our main experi-
ments, we set 3 = 0.1, and additionally test 3 € {0.05,0.5}. The results in Table [14]demonstrate
that 8 = 0.1 consistently achieves the best performance across all preference settings.

In addition, we analyze the impact of the weight bias parameter 1. As summarized in Table [T5}
our chosen value of n = 0.2 provides a robust balance between biasing the search towards the
region of interest and allowing sufficient exploration of new solutions. When n = 0.5, overall
performance slightly declines, while setting 7 = 1.0 removes exploration entirely, leading to a
significant degradation in policy quality.
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Table 14: Sensitivity analysis for /.

Preference Ié] Average Speed (m/s) T  Average Torque (N'm) |
Stationary 0.05 0.007 6.936

0.1 0.004 6.275

0.5 0.005 6.493
Moderate speed  0.05 3.152 30.688

0.1 2.600 13.682

0.5 2.953 17.300
High speed 0.05 5.390 28.922

0.1 5.544 28.463

0.5 4.910 27.495

Table 15: Sensitivity analysis for 7.

Preference n  Average Speed (m/s) T Average Torque (N'm) |
Stationary 0.2 0.004 6.275

0.5 0.004 6.997

1.0 0.011 10.507
Moderate speed 0.2 2.600 13.682

0.5 2.309 13.563

1.0 3.876 29.440
High speed 0.2 5.544 28.463

0.5 4.833 27.540

1.0 5.331 39.402

E DiscussioN

E.1 TIME COMPLEXITY ANALYSIS

Since the seeding and the policy optimization modules of PBMORL are MORL based on
PPO, the corresponding time complexity is bounded by the PPO itself. Therefore, here we focus
on analyzing the time complexity of the preference elicitation module, which consists of
three steps. Specifically, during the consultation step, the preference model first evaluate the
quality of policies in IT which incurs O(|II|) evaluations. Then, it chooses two elite policies to query
the DM. After the DM’s feedback is collected, the complexity of the preference learning
step is bounded by O(x?), where k is the number of data instances in the training set. During the
preference translation step, the computational complexity is mainly dominated by the
ranking of policies in IL, i.e., O(|II| log |IT|). All in all, the time complexity of the preference
elicitation module is max {O(x*), O(|II|log [II|)}.

E.2 FUTURE DIRECTIONS

Human-in-the-loop interactive MORL presents a promising paradigm for realizing human-AlI collab-
oration. However, the field is far from mature, and numerous issues warrant exploration in the future.
For instance, this paper assumes that the information provided by MORL is fully understandable
by the DM, which may not be realistic, particularly when dealing with more than three objective
functions (similar discussion can be found in (Li et al.l [2018a))). Developing a human-computer
interaction platform and mechanism is essential for enhancing the effectiveness of interactive MORL.
Furthermore, we assume that the DM’s preferences remain consistent throughout the MORL process.
It is also interesting to explore the application of RL in the context of evolutionary multi-objective op-
timization (Zhang et al.,[2024). Proactively detecting and adapting to changes in the DM’s preferences
in dynamic and uncertain environments pose a significant challenge. Finally, the explainability of
the policies of interest and their implications has rarely been discussed in the literature, representing
another area for future investigation.
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