
TREX: Trajectory Explanations for
Multi-Objective Reinforcement Learning

Dilina Rajapakse1[0000−0001−9722−9108], Juan C. Rosero1[0009−0009−7848−3966],
and Ivana Dusparic1[0000−0003−0621−5400]

Trinity College Dublin, Ireland
{rajapakd,roserolj,ivana.dusparic}@tcd.ie

Abstract. Reinforcement Learning (RL) has demonstrated its ability
to solve complex decision-making problems in a variety of domains, by
optimizing reward signals obtained through interaction with an environ-
ment. However, many real-world scenarios involve multiple, potentially
conflicting objectives that cannot be easily represented by a single scalar
reward. Multi-Objective Reinforcement Learning (MORL) addresses this
limitation by enabling agents to optimize several objectives simultane-
ously, explicitly reasoning about trade-offs between them. However, the
“black box" nature of the RL models makes the decision process behind
chosen objective trade-offs unclear. Current Explainable Reinforcement
Learning (XRL) methods are typically designed for single scalar rewards
and do not account for explanations with respect to distinct objectives or
user preferences. To address this gap, in this paper we propose TREX, a
TRajectory based EXplainability framework to explain Multi-objective
Reinforcement Learning policies, based on trajectory attribution.
TREX generates trajectories directly from the learned expert policy,
across different user preferences and clusters them into semantically
meaningful temporal segments. We quantify the influence of these be-
havioural segments on the Pareto trade-off by training complementary
policies that exclude specific clusters, measuring the resulting relative
deviation on the observed rewards and actions compared to the original
expert policy. Experiments on multi-objective MuJoCo environments -
HalfCheetah, Ant and Swimmer, demonstrate the framework’s ability to
isolate and quantify the specific behavioural patterns.

Keywords: Reinforcement Learning · Explainable Multi-Objective Re-
inforcement Learning · Policy Analysis

1 Introduction

As the application of Reinforcement Learning for decision-making tasks in-
creases, Explainable AI (XAI) techniques have been extended to Explainable
Reinforcement Learning (XRL) with the aim of interpreting agent behavior. Be-
fore deploying RL agents in real-world systems, it is crucial to understand the
underlying logic behind their decisions to ensure safety and trustworthiness. For
example, if an autonomous vehicle engages in sudden braking, it is vital to know
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if this decision was driven by an external factor, such as an animal crossing, or
a sensor failure.

Most complex real-world decision-making domains involve multiple, often
conflicting, objectives, requiring the use of Multi-Objective Reinforcement Learn-
ing (MORL). In the case of multiple objectives, optimality is defined not by
a single policy, but by a set of Pareto-optimal solutions over varying user-
preferences. In a typical multi-objective scenario, the RL agent is provided with
a user-preference vector that tells the agent how it is expected to priotize the
objectives when making decisions. For example, in a task with two objective, a
user-preference of (0.5,0.5) denotes both objectives are given the same impor-
tance, whereas (0.75, 0.25) tells the agent to favour objective 1 over objective 2
in the given ratio. With MORL policies, explanations must account for learned
objective trade-offs and user-specified preferences. Relative to single objective
XRL methods, current literature on Explainable Multi-Objective Reinforcement
Learning (XMORL) techniques is scarce [18]. The existing literature primarily
focuses on methods such as reward decomposition and policy selection (e.g:[9],
[20]), resulting in a lack of methods capable of explaining the behaviour of MORL
policies.

In this paper, we introduce TREX, a TRajectory based EXplainability
framework, an explainability framework specifically developed for multi-objective
reinforcement learning tasks, and demonstrate its applicability in standard MORL
environments from the MO-gymnasium library 1. TREX aims to discover influ-
ential behaviours learned by an expert MORL policy using trajectory analysis
techniques. It generates trajectories from the expert agent across different user-
preferences, with the notion that these trajectories reflect the behavioural pat-
terns learned by the model. For each user-preference we decompose the trajecto-
ries into temporal segments and cluster them, essentially grouping semantically
similar behaviour patterns in the trajectories. We are then able to measure how
these behaviours contribute towards each objective and shape the trade-off at a
given user-preference.

For example, in the multi-objective HalfCheetah, a MuJoCo environment
from MO-gymnasium where an agent has to optimize for speed vs energy of the
robot, certain behaviours drive conflicting outcomes - ‘long leaps’ maximize the
robot’s speed at the cost of increased energy consumption, while ‘short strides’
conserve energy by sacrificing speed. Consequently, when a user prioritizes en-
ergy, speed centric behaviours such as ‘leaping’ negatively impact the preferred
trade-off. Our framework moves beyond just qualitative observations to provide
quantitative analyses of these behavioural patterns. The analyses are based on
training policies that exclude specific clusters and we measure the relative de-
viations in the objective returns and objective trade-off, compared to an expert
policy. These metrics serve as a proxy for influence, allowing us to pinpoint ex-
actly which behaviours drive objective fulfilment and determining the magnitude
of their impact on the Pareto trade-off.

Overall, the contributions of this paper are as follows:
1 https://mo-gymnasium.farama.org/
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– We propose TREX, a post-hoc explainability framework for multi-objective
RL, through the behaviours learned by the agent.

– We show how TREX can help quantitatively identify influential behavioural
patterns learned by the policy. We then show how these behaviours con-
tribute towards each objective and balance the trade-offs to accommodate a
given user-preferences.

2 Related Work

In this section we provide a brief overview of the relevant background and related
work to contextualize our contribution. We first introduce reinforcement learning
as a machine learning paradigm (section 2.1) and its multi-objective counterpart
(section 2.2), followed by an overview of existing approaches for explainability in
reinforcement learning (section 2.3), with special focus on the trajectory based
approaches (section 2.4). Finally, we introduce the gap in explainability on Multi-
Objective Reinforcement Learning approaches (section 2.5).

2.1 Reinforcement Learning

Reinforcement Learning (RL) is a machine learning framework in which an agent
learns through trial-and-error interactions with its environment, where the Agent
iteratively selects an action and receives feedback in the form of rewards or
penalties [19]. By iteratively interacting with the environment, the agent can
autonomously acquire policies that achieve optimal or near-optimal behavior
without requiring explicit supervision. This learning paradigm achieved con-
tributions in a wide range of domains, including video games [4], traffic signal
control [10], computer networks [13], robotics [7], and healthcare [21], to mention
a few.

2.2 Multi-Objective Reinforcement Learning

Multi-Objective Reinforcement Learning (MORL) extends standard RL to set-
tings in which agents must simultaneously optimize multiple, potentially con-
flicting objectives. A common distinction in MORL methods is based on the
number of policies learned. In Single-policy approaches the aim is to learn one
policy that balances all objectives, most often by reducing the multi-objective
problem to a scalar one by the use of methods like reward scalarization or util-
ity functions. Representative examples include weighted-sum methods [1] and
modified Q-learning architectures [11]. In contrast, multi-policy approaches seek
to learn a set of policies corresponding to different trade-offs between objec-
tives. These methods aim to explore the Pareto front and allow policies to be
selected or adapted based on user preferences or contextual requirements. Ex-
amples include policy adaptation methods [24], that learn and generalize across
multiple preference settings, as well as preference-conditioned policies such as
Pareto-conditioned networks [17]. See [8] for a comprehensive survey on MORL.
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2.3 Explainable Reinforcement Learning

A commonly used taxonomy in the Explainable Reinforcement Learning (XRL)
literature categorizes explainability techniques according to when explanations
are generated into intrinsic and post-hoc methods, and can be further grouped
into global or local approaches based on the scope of the explanations [2, 16].

Intrinsic explainability refers to agents that are constructed to be inherently
interpretable by design. These methods restrict the model’s complexity to struc-
tures that humans can naturally understand (eg: decision trees, programmatic
policies). Post-hoc explainability involves generating explanations after an agent
has already been trained. In this approach, the agent typically uses a complex,
opaque model (eg: Deep Neural Network) to achieve high performance, and a
separate method is applied afterwards to interpret its behaviour. Global meth-
ods, such as policy-level explanations (eg: [22]), focus on explaining the overall
behavioural patterns of the agent. Local techniques focus on explaining spe-
cific decisions made by the policy. For example, counterfactual methods explain
an agent’s decision-making by modelling alternative scenarios, specifically ad-
dressing why a particular action was chosen over another [6]. For comprehensive
surveys on XRL methods, see [12, 16, 23]

2.4 Trajectory based Explainable Reinforcement Learning

Data attribution is a technique emerged with supervised models, to identify the
independent data points that are responsible for the output of the model (eg:
[15]). In traditional machine learning models, the output is dependent on the
individual data points, but a RL agent’s decision is typically a results of the
sequence of past experiences. Therefore, in XRL, typically trajectories are used
to interpret model behaviours and provide explanations.

HIGHLIGHTS [3] propose a technique to summarise policy behaviour to
humans, by identifying important trajectories and states during an agent’s exe-
cution. Summaries are provided as trajectories, identified by discovering ‘impor-
tance states’ and then extracting the sequence of states and actions neighbouring
the significant state in order to create the trajectory. Studies on trajectory-aware
method such as [5] finds influential trajectories in the training dataset, that are
responsible for decisions made by the policy. This is done by iteratively training
smaller policies with specific trajectories removed from the training data and
attributing the changed behaviours to the missing trajectories.

2.5 Explainable Multi-Objective Reinforcement Learning

Explainability in MORL (XMORL) is yet to be explored, and has many chal-
lenges [18], existing works on explainable MORL is primarily focused on pol-
icy selection. Unlike single objective RL which yields a single optimal policy, a
MORL algorithm has to balance multiple objectives, which can result in mul-
tiple possible optimal policies. Therefore, MORL methods usually provide a
set of solutions (i.e Pareto set), in which each solution represents a distinct
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trade-off among the objectives. While these MORL methods successfully navi-
gate complex trade-offs, they impose significant challenges in understanding the
underlying decision making logic. Consequently, to explain how the policy de-
cisions and resulting behaviours contribute to different objectives with varying
user preferences, explainability techniques are required.

Typically when selecting a policy out of the optimal set, the user or decision
maker looks at the objective values/returns to select a policy based on their
preferences for specific objectives. Tamura et. al. [20] propose a penalty metric
"Mismatch" - determine the disparity between the user’s preferences and the
solution set. By minimizing the "Mismatch", it helps the users to select policies
from the Pareto set that aligns with the user’s preferences. Osika et. al. [14]
propose a technique to help decision makers or the user select a policy from the
solution set by summarizing MORL solution set using both objective returns and
behavioural space (i.e: using the HIGHLIGHT [3] to identify important states).

Existing XMORL approaches are scarce, and focus on providing support for
policy selection by summarizing objective returns or highlighting salient states,
but they offer limited insight into the underlying behaviours that drive objec-
tive trade-offs within a policy. Current methods do not explain how distinct
behavioural patterns contribute to different objectives, or how these behaviours
change across user preferences. As a result, they fall short of explaining the differ-
ent trade-off logics learned by multi-objective policies. Our approach addresses
this by attributing objective trade-offs to semantically meaningful behavioural
patterns extracted directly from the learned policy.

3 Methodology

In this section we introduce TREX, a TRajectory based EXplainability frame-
work to explain Multi-objective Reinforcement Learning policies using post-hoc
techniques.

TREX is designed to explain what behaviours the expert MORL agent has
learned and how the behaviours change across different trade-off preferences, in
order to make decisions that suit a given user-preference. The primary analysis
approach of TREX is Preference Level Analysis (PLA). In this analysis we
quantitatively identify learned behaviours of the expert policy at a given user-
preference, discovering distinct behaviour sequences, measuring their influence
on each objective and overall objective trade-offs.

3.1 Preference-Level analysis (PLA)

A multi-objective reinforcement learning agent typically learns a set of Pareto
optimal solutions over a range of user-preferences. When deployed, the agent
makes decisions to fulfil the expected objective outcomes of the user - specified
by the user-preference utility. Therefore the agent’s decisions and the resulting
behaviours can vary from one preference to another.
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In this section, we focus on analysing the behaviours at individual single
user preferences. The intuition is that, in an episodic trace, there can be different
behavioural segments observed from the actions taken by the agent. These reflect
how the agent learned to make decisions in order to optimize each objective and
to accommodate a specific user preference, i.e. a specific trade-off ratio between
the objective. The significance of these behaviours on the individual objectives
and on the overall objective trade-off can vary. To measure these quantitatively,
we conduct a trajectory analysis by adapting the notion of trajectory attribution
from [5].

In PLA, we use attribution techniques to determine the contribution of cer-
tain trajectories towards the agent’s learned behaviour. The intuition behind
this approach is that if we train two different policies - one trained by remov-
ing a set of trajectories from the training data (i.e: complementary policy) and
another with the complete training data (i.e: original policy) - the shift in the
distribution relative to the original policy is an indication of the importance of
the missing trajectories. This is the underlying notion used in PLA.

The preference level analysis is conducted in 5 steps (summarised in Fig.1.)

1. Trajectory Sampling: We take a set of user-preferences W = {ω1, ω2, · · ·ωk}
and for each preference ωk we generate an offline dataset Dk using trajecto-
ries generated using the expert policy πE . At each step t, the agent takes a
random action with probability ϵ and follows the learned policy with prob-
ability (1 − ϵ). Each dataset consist of m episodes with a maximum length
of T .

2. Trajectory encoding: The trajectories are split into marginally overlapping
sub-trajectories of each length l, which is a timely sequence of observations,
actions and rewards. Each sub-trajectory is then encoded into a latent rep-
resentation (i.e trajectory embedding) using a sequence encoder.

3. Trajectory Clustering: The embeddings of the sub-trajectories are then clus-
tered to a set of clusters Ck. We use K-means algorithm for clustering and
the number of clusters nk are determined using silhouette analysis.

4. Complementary policies: For each preference ωk, an original policy πk is
trained using the full dataset Dk which consist of trajectories in all the
clusters. We utilize πk as a surrogate for the expert policy πE that mimics the
expert agent. As πk is trained solely on the offline dataset Dk generated by
the πE , its learned distribution acts as a proxy for the expert agents decision-
making logic. Then a set of complementary policies are trained, where each
complimentary policy πc is trained by removing trajectories belonging to
cluster c. Note than only one cluster is removed at a time.

5. Attribution Analysis: To quantitatively identify influential behavioural clus-
ters within ωk, we conduct an attribution analysis explained in the following
section 3.2.

3.2 Attribution Analysis
To quantitively determine the influence of the trajectories on the agent’s decision,
we analyse the returns obtained by each of the trained policies.
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Fig. 1: Overview of the Preference-Level Analysis (PLA) pipeline: (1) sampling
trajectories from an expert agent, (2) encoding sub-trajectories into latent space
embeddings, (3) clustering trajectories into semantically distinct behaviours, (4)
training original policy alongside complementary policies that iteratively exclude
specific cluster trajectories, and (5) conducting attribution analysis to quantify
the behavioural influence of each cluster.

Reward Attribution Score: For each objective i ∈ I, we measure relative
change in the objective returns ∆Ri from each complementary πc policy (in
Eq.1), relative to the returns of the original policy πk. Ri

k indicates the cumula-
tive return for objective i using the original policy πk and Ri

c is the cumulative
return for complementary policy πc.

∆Ri = (Ri
k −Ri

c)/R
i
k (1)

We then calculate the total returns deviation ∆R in Eq.2, which is the mag-
nitude of the combined deviation of all the objective returns - calculated as a L2
norm distance. ∆Ri is the relative change in objective returns for objective i.
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∆R (c) =

√∑
i∈I

(∆Ri)
2 (2)

Take an instance where the complementary policy’s observed returns dimin-
ish for all objectives simultaneously. This drop in performance may be more
indicative of poor training data rather than the inherent significance of that
specific cluster. A more robust metric for determining the influence of a cluster
on objective trade-offs involves the observation of contrary deviations. Meaning,
if the exclusion of a set of trajectories yields improved performance in one objec-
tive alongside a decrease in others, it may highlight the cluster’s pivotal role in
the agent’s learned trade-off logic. Such inverse reward shifts provide quantita-
tive evidence of how distinct behaviours are utilized to navigate the competing
demands of the Pareto front.

Therefore we calculate the Reward Attribution Score for each cluster, which
is a measure the cluster’s influence on objective trade-offs. Eq.3 calculates the
RAS(c) for 2-objectives.

RAS (c) =
∣∣w1∆R1 − w2∆R1

∣∣ (3)

where w1, w2 is the preference on each objective (i.e ωk = (w1, w2). For more
than 2 objectives, Eq.3 can be extended to calculate RSA in a combinatorial
manner. A higher RAS score depicts a higher shift in the objective trade-off.

4 Experimental Setup

Environments: We conduct our experiments on three multi-objective MuJoCo
environments from MO-Gymnasium2, namely (1) MO-HalfhCheetah (2) MO-
Ant and (3) MO-Swimmer, shown in Fig.2.

(a) MO-HalfCheetah (b) MO-Ant (c) MO-Swimmer

Fig. 2: MuJoCo multi-objective environments

2 https://mo-gymnasium.farama.org/environments/MuJoCo/
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– MO-HalfCheetah: In the Halfcheetah environment, an agent controls a 2-
limb robot with two conflicting objectives - maximising the robot speed and
minimizing the energy consumption.

– MO-Ant: In the MO-Ant environment, the agent controls a 4-legged robot
with 8 actuated joints and has two objectives - distance in x-axis and y-axis
respectively.

– MO-Swimmer: The environment involves an agent controlling a multi-linked
robot designed to swim in a 2D fluid by coordinating its joints the agent
controls. The two objectives for this task are speed and energy saving.

Expert Policy: We use a preference conditioned Multi-Objective Decision
Transformer MODT(P) from the PEDA framework [25] as our expert policy.
The MODT(P) is trained using the offline D4MORL dataset provided by the
authors of PEDA. We use the same parameters provided by the authors.
Complementary Policies: In preference-level analyses (section 3.1), we use
a smaller scale Multi-Objective Decision Transformer to train the original πk

and complimentary policies πc. The MODT can be replaced with any suitable
multi-objective RL agent. During training of each policy, we select the model
checkpoints that give the best weighted/scalarised return, with respect to the
preference utility ωk, and are then used in our evaluations.
Preference Level Analysis: For this analysis, we use the set of user-preferences
W = {[0.25, 0.75], [0.5, 0.5], [0.75, 0.25]}. To generate the offline dataset for each
preference, we run m = 25 episodes of simulations with ϵ = 0.05. Each episode is
run for a maximum of T = 500 time-steps or until terminated. The trajectories
are then split into sub-trajectories of length l = 20 with an overlap margin of
α = 5. To encode the sub-trajectories, we utilize the attention-based transformer
of the trained expert MODT(P) as the sequence encoder. The sequence of state-
action-return triplets are input to the model and the output tokens from the final
transformer block is taken and averaged to generate the trajectory embedding.
Our framework is flexible as to use any suitable sequence encoder for this.
Code: The implementation of our TREX framework is provided in the github
repository https://github.com/dilina-r/trex_xmorl.

5 Results

In this section we evaluate the proposed TREX framework through quantitative
and qualitative analysis across multiple multi-objective environments. We exam-
ine the influence of behavioural clusters under different user-preference settings
and qualitatively explain influential trajectories identified.

5.1 Preference Level Analysis - Quantitative Results

Tables 1–3 show the preference level analysis results for MO-HalfCheetah, MO-
Ant and MO-Swimmer environments respectively. The tables show the cumula-
tive returns Ri obtained by the expert agent, original policy and complementary
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policies, across three user-preference settings. The tables also show the returns
deviation ∆Ri for each objective, the total return deviation ∆R(c) and the
Reward Attribution score RAS for each complementary policy πc. The most
influential trajectory cluster (i.e highest RAS score) for each preference utility
is highlighted in bold.

Firstly, we observe the original policy achieves returns closer to the expert,
but in several instances it is seen to be notably different. This could potentially be
due to the disparity between the dataset and training process. We take that the
original policy, which is trained on the expert trajectories, is able to sufficiently
learn the behaviours of the expert agent.

Table 1: Preference Level analysis results for MO-HalfCheetah environment -
Best overall return deviation ∆R and Reward attribution score for each prefer-
ence is highlighted in bold.

preference policy R1 R2 ∆R1 ∆R2 ∆R (c) RAS(c)

(0.25,0.75)

expert 1033.403 2417.319 - - -
original 917.385 2419.520 - - -

c0 769.243 2440.969 0.161 -0.009 0.162 0.170
c1 780.596 2435.989 0.149 -0.007 0.149 0.156
c2 917.432 2414.269 0.000 0.002 0.002 0.002

(0.5,0.5)

expert 1975.156 2237.225 - - -
original 1781.191 2128.915 - - -

c0 2386.647 1813.144 -0.340 0.148 0.371 0.488
c1 2206.210 2004.030 -0.239 0.059 0.246 0.297
c2 1272.957 2359.837 0.285 -0.108 0.305 0.394

(0.75, 0.25)

expert 2442.122 1740.961 - - -
original 2423.394 1717.668 - - -

c0 2417.976 1772.944 0.002 -0.032 0.032 0.034
c1 2418.387 1665.930 0.002 0.030 0.030 0.028
c2 2413.507 1749.870 0.004 -0.019 0.019 0.023
c3 2410.540 1798.680 0.005 -0.047 0.047 0.052
c4 2430.640 1727.198 -0.003 -0.006 0.006 0.003
c5 2381.938 1736.558 0.017 -0.011 0.020 0.028

The preference-level analysis reveal that specific behavioural clusters sig-
nificantly influence the objective outcomes and the agent’s ability to navigate
objective trade-offs.

In the MO-HalfCheetah environment, removing certain clusters led to dis-
tinct shifts in the Pareto front. For example, at the preference (0.5, 0.5), remov-
ing Cluster 0 resulted in a negative deviation for speed (∆R1) but a positive
deviation for energy conservation (∆R2), effectively shifting the policy’s prior-
ity. Conversely, removing Cluster 2 in the same setting shifted the trade-off to
favour Objective 2. This behaviour is reflected in the high attribution scores
RAS(c) for the relevant clusters.
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Table 2: Preference Level analysis results for MO-Ant environment. Best overall
return deviation ∆R and Reward attribution score for each preference is high-
lighted in bold.

preference policy R1 R2 ∆R1 ∆R2 ∆R (c) RAS(c)

(0.25,0.75)

expert 1007.504 2427.701 - - - -
original 912.711 2385.175 - - - -

c0 777.709 938.847 0.148 0.606 0.624 0.418
c1 837.784 2307.194 0.082 0.033 0.088 0.004
c2 915.246 2406.504 -0.003 -0.009 0.009 0.006

(0.5,0.5)

expert 2066.393 1940.264 - - - -
original 1713.007 1904.959 - - - -

c0 1474.368 1653.254 0.139 0.132 0.192 0.004
c1 1826.586 1970.307 -0.066 -0.034 0.075 0.009
c2 1871.536 1829.054 -0.093 0.040 0.101 0.053

(0.75, 0.25) expert 2422.992 1249.866 - - - -
original 2286.746 1347.436 - - - -

c0 2025.750 1323.575 0.114 0.018 0.115 0.081
c1 2209.261 1252.776 0.034 0.070 0.078 0.008
c2 1999.653 1155.578 0.126 0.142 0.190 0.059

In the MO-Swimmer environment, Objective 1 (i.e: distance) was highly sen-
sitive to cluster removal, while Objective 2 (i.e control cost) showed no deviation
across all preferences. Furthermore the deviations were predominantly positive,
meaning returns decreased upon trajectory removal, which indicates that these
segments were vital for maintaining performance. Notably, across both MO-
HalfCheetah and MO-Swimmer, in the preference (0.75, 0.25) removal of any
cluster failed to produce significant reward deviations.

In the MO-Ant environment, it is noteworthy that a higher ∆R(c) does not
always result in a higher attribution score RAS(c), as seen with the preferences
(0.5,0.5) and (0.75,0.25). The higher ∆R(c) is due to positive deviations in the
returns, meaning the returns are reduced for both objectives simultaneously.
While this can suggest the significance of the trajectories in the removed clusters
on the performance of both objectives, it could also imply a lack of diverse
training data.

5.2 Preference Level Analysis - Qualitative Results

The quantitative results from preference level analysis discover influential clus-
ters and provides insights into how they affect the objectives. To validate the
findings in the quantitative experiments, we conduct a qualitative analysis by
visualising the agent behaviour in each cluster. For this analysis, we visualise the
best trajectories of each cluster, which are the trajectories closest to the centroid
of a cluster. We observe the behaviours in these visual segments and correlate
them to the significant clusters in the quantitative results.
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Table 3: Preference Level analysis results for MO-Swimmer environment. Best
overall return deviation ∆R and Reward attribution score for each preference is
highlighted in bold.

preference policy R1 R2 ∆R1 ∆R2 ∆R (c) RAS(c)

(0.25,0.75)

expert 51.324 149.375 - - - -
original 69.763 147.884 - - - -

c0 73.300 147.842 -0.051 0.000 0.051 0.013
c1 85.556 146.778 -0.226 0.007 0.227 0.062
c2 59.052 147.240 0.154 0.004 0.154 0.035
c3 50.273 148.138 0.279 -0.002 0.279 0.071
c4 84.131 146.982 -0.206 0.006 0.206 0.056
c5 51.083 148.268 0.268 -0.003 0.268 0.069

(0.5,0.5)

expert 129.946 140.608 - - - -
original 100.249 142.083 - - - -

c0 31.933 148.406 0.681 -0.045 0.683 0.363
c1 73.927 143.104 0.263 -0.007 0.263 0.135
c2 125.910 141.672 -0.256 0.003 0.256 0.129

0.75, 0.25

expert 233.001 73.352 - - - -
original 222.898 80.444 - - - -

c0 216.077 82.804 0.031 -0.029 0.042 0.030
c1 219.761 83.444 0.014 -0.037 0.040 0.020
c2 217.289 82.123 0.025 -0.021 0.033 0.024

We first look at MO-HalfCheetah at (0.5, 0.5) preference, where the highest
deviations are seen. Fig.3 illustrates the visual sequence of the trajectory in each
cluster. Quantitative results in Table 1 indicate that the exclusion of Cluster
0 yields improved speed alongside decreased energy saving. According to the
attribution analogy, it suggests that Cluster 0 should exhibit behaviours that
oppose the speed objective. Visual inspection support this hypothesis, showing
that in Cluster 0, the robot takes smaller, slower hops compared to the more
expansive, high velocity strides of Clusters 1 and 2. Notably, the omission of the
highest performing cluster (Cluster 2) leads to an inverse effect, reducing returns
on the speed objective.

In Table 2 with MO-Ant, it is seen for the preference (0.5, 0.5) removing
Cluster 0 reduces both objective returns, suggesting that either the trajectories
in Cluster 0 contributes positively towards both objectives simultaneously, or it
is simply due to poor training data. Upon observing the motions of each cluster
as seen in Figure 4, it was seen in Cluster 0 the robot moves ‘diagonally’ at a
higher velocity compared to Cluster 1 and Cluster 2. Therefore removing Cluster
0 results in poor performance in both objectives, which is the distance in x-axis
and y-axis.

The preference (0.25, 0.75) shows the highest returns deviations and RAS
score. It was seen that in Cluster 0, the robot moves at a higher velocity leaning
in the north direction (y-axis), relative to the remaining clusters. Note that
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(a) Cluster 0

(b) Cluster 1

(c) Cluster 2

Fig. 3: MO-HalfCheetah trajectories for the clusters with (0.5, 0.5) user-
preference

removal of Cluster 2 did not result any significant deviations. As seen in Fig. 5
in Cluster 2 trajectories the robot is immobile, yielding no returns.

6 Discussion

The experimental results demonstrate that our TREX framework successfully
identifies and quantifies the behavioural strategies learned by MORL agents
across different user preferences. By correlating quantitative attribution scores
with qualitative visual evidence, we can validate the findings of the preference
level analysis and provide significant insights into how agents navigate complex
trade-offs.

The discovery of contrary deviations through Reward Attribution Score (RAS)
analysis provides the most robust evidence of an agent’s internal trade-off logic.
In the MO-HalfCheetah (0.5, 0.5) setting, the exclusion of Cluster 0 actually
improved energy-saving while decreasing speed, confirming that these specific
trajectory segments were primarily responsible for driving the speed objective
at the cost of efficiency. Our quantitative results also highlighted scenarios where
removing a cluster causes all objectives to diminish simultaneously, as seen in
some MO-Ant preference settings. Initially this brought the question whether the
observed deviations indicate a lack of diverse training data rather than a sig-
nificant behavioural segment. Through our qualitative analysis, we verified that
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(a) Cluster 0

(b) Cluster 1

(c) Cluster 2

Fig. 4: MO-Ant trajectories for the clusters with (0.5, 0.5) user-preference

Fig. 5: MO-Ant Cluster 2 trajectory with (0.25, 0.75) user-preference

the cluster indeed improves the outcomes of both objectives, hence removing it
causes a drop in overall performance.

The findings of the experiments also provide insights into the nature of the
environments and how the expert agent has learned to make decisions to navigate
the objective trade-off in each environment. In tasks with conflicting objectives,
such as in HalfCheetah and Swimmer, the quantitative results show that the
deviations in returns only occur in opposing directions - meaning both objectives
do not show significant increase or decrease simultaneously. On the other hand, in
the Ant environments it was observed that the objectives are not always strictly
conflicting. It was depicted with observations for (0.5, 0.5) user-preference that
certain cluster behaviours can contribute towards both objective returns. This
suggests that the agent learned to exploit the geometry of the environment to
optimize both simultaneously.
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Furthermore, we see that objective 2 in MO-Swimmer appears to be less sen-
sitive to specific behavioural variations in this environment. The results showed
high sensitivity for Objective 1 (i.e: distance) but almost no deviation for Objec-
tive 2 (i.e: energy or control cost). This can suggest that the cost of movement
of the might be more uniform across the behaviours within a preference setting.

6.1 Limitations and Future work

Our framework offers a foundation for building trust in multi-objective systems
by revealing specific behavioural components that justify its trade-offs. However
we identify few limitations of our evaluations, and avenues for further refinement
of the framework.

Proxy models: One of the observed limitation in our framework is that
the preference-level analysis relies on the original policy to closely mimic the
expert agent at a given preference. The disparity observed between the expert
policy returns and the original policy returns in some instances (seen in Tables
1–3) suggests that the mimicking process (training πk on expert trajectories)
may introduce minor behavioural shifts. Future work could focus on refining
this distillation process to ensure the explanations are as faithful to the expert
as possible.

Computational cost: A practical limitation of the TREX framework is
the computational cost associated with the training of the original and com-
plementary policies in the attribution analysis. For every identified behavioural
cluster, a new complementary policy πc must be trained, meaning the compu-
tational overhead scales linearly with the number of clusters. To alleviate the
computational burden, we train these policies using less complex RL models.
Even with this mitigation, the post-hoc analysis phase remains computationally
intensive. However, the existing architecture of the framework is necessary to
provide highly granular, quantitative explanations of the agent behaviour.

Encoding and clustering: Currently our framework is sensitive to the
choice of trajectory encoding and clustering. Fig.6–8 in appendix A illustrate
the clusters of the MO-Halfcheetah, MO-Ant and MO-Swimmer obtained with
K-means clustering, under three preference settings. The figures depict that the
sub-trajectories show good separation among the clusters. However some of the
clusters have considerably large boundaries and there could be multiple less fre-
quent behaviours within the same cluster. For example, under the preference
(0.25, 0.75) in MO-Ant (see Fig.7a), Cluster 2 has two or more visible blobs of
data-points within the same cluster. Note that the number of clusters are de-
termined using the silhouette score, and therefore the framework can miss these
nuances. Our framework does not limit the use of different clustering techniques
so other methods of clustering can be explored. For example, replacing the clus-
tering algorithm with another or using known initial cluster centres (eg: using
HIGHLIGHTS [3]) rather than random initializations could be explored.

Similarly for trajectory encoding, different independent sequence encoders
such as LSTM or other transformer based encoders (eg: Vector Quantized Vari-
ational Auto-encoders) can be employed to extract the trajectory embeddings.



16 Rajapakse et al.

Acknolwedgement

This work was supported in part by Taighde Éireann – Research Ireland under
grant numbers 13/RC/2077_P2, 21/FFP-A/8957, and 18/CRT/6223. For the
purpose of Open Access, the author has applied a CC BY public copyright license
to any Author Accepted Manuscript version arising from this submission.

References
1. Abels, A., Roijers, D., Lenaerts, T., Nowé, A., Steckelmacher, D.: Dynamic weights

in multi-objective deep reinforcement learning. In: International conference on ma-
chine learning. pp. 11–20. PMLR (2019)

2. Adadi, A., Berrada, M.: Peeking inside the black-box: a survey on explainable
artificial intelligence (xai). IEEE access 6, 52138–52160 (2018)

3. Amir, D., Amir, O.: Highlights: Summarizing agent behavior to people. In: Pro-
ceedings of the 17th international conference on autonomous agents and multiagent
systems. pp. 1168–1176 (2018)

4. Badia, A.P., Piot, B., Kapturowski, S., Sprechmann, P., Vitvitskyi, A., Guo, Z.D.,
Blundell, C.: Agent57: Outperforming the Atari human benchmark. In: Proceed-
ings of the 37th International Conference on Machine Learning (2020)

5. Deshmukh, S.V., Dasgupta, A., Krishnamurthy, B., Jiang, N., Agarwal, C.,
Theocharous, G., Subramanian, J.: Explaining RL decisions with trajectories. In:
The Eleventh International Conference on Learning Representations (2023)

6. Gajcin, J., Dusparic, I.: Redefining counterfactual explanations for reinforcement
learning: Overview, challenges and opportunities. ACM Computing Surveys 56(9),
1–33 (2024)

7. Gürtler, N., Widmaier, F., Sancaktar, C., Blaes, S., Kolev, P., Bauer, S., Wüthrich,
M., Wulfmeier, M., Riedmiller, M., Allshire, A., et al.: Real robot challenge 2022:
Learning dexterous manipulation from offline data in the real world. In: NeurIPS
2022 Competition Track. pp. 133–150. PMLR (2023)

8. Hayes, C.F., Rădulescu, R., Bargiacchi, E., Källström, J., Macfarlane, M., Rey-
mond, M., Verstraeten, T., Zintgraf, L.M., Dazeley, R., Heintz, F., et al.: A prac-
tical guide to multi-objective reinforcement learning and planning. Autonomous
Agents and Multi-Agent Systems 36, 26 (2022)

9. Juozapaitis, Z., Koul, A., Fern, A., Erwig, M., Doshi-Velez, F.: Explainable re-
inforcement learning via reward decomposition. In: IJCAI/ECAI Workshop on
explainable artificial intelligence (2019)

10. Kusic, K., Ivanjko, E., Vrbanic, F., Greguric, M., Dusparic, I.: Spatial-temporal
traffic flow control on motorways using distributed multi-agent reinforcement learn-
ing. Mathematics - Special Issue Advances in Artificial Intelligence: Models, Opti-
mization, and Machine Learning (2021)

11. Li, C., Czarnecki, K.: Urban driving with multi-objective deep reinforcement learn-
ing. In: Proceedings of the 18th International Conference on Autonomous Agents
and MultiAgent Systems. p. 359367. AAMAS ’19, International Foundation for
Autonomous Agents and Multiagent Systems (2019)

12. Milani, S., Topin, N., Veloso, M., Fang, F.: Explainable reinforcement learning: A
survey and comparative review. ACM Computing Surveys 56(7), 1–36 (2024)

13. Omoniwa, B., Galkin, B., Dusparic, I.: Energy-aware placement optimization of
uav base stations via decentralized multi-agent q-learning. In: IEEE Consumer
Communications and Networking Conference (CCNC) 2022 (2022)



TREX: Trajectory Explanations for Multi-Objective Reinforcement Learning 17

14. Osika, Z., Zatarain-Salazar, J., Oliehoek, F.A., Murukannaiah, P.K.: Navigating
trade-offs: Policy summarization for multi-objective reinforcement learning. In:
27th European Conference on Artificial Intelligence, ECAI 2024. IOS Press (2024)

15. Pruthi, G., Liu, F., Kale, S., Sundararajan, M.: Estimating training data influence
by tracing gradient descent. Advances in Neural Information Processing Systems
33, 19920–19930 (2020)

16. Puiutta, E., Veith, E.M.: Explainable reinforcement learning: A survey. In: Inter-
national cross-domain conference for machine learning and knowledge extraction.
pp. 77–95. Springer (2020)

17. Reymond, M., Hayes, C.F., Willem, L., Rădulescu, R., Abrams, S., Roijers, D.M.,
Howley, E., Mannion, P., Hens, N., Nowé, A., et al.: Exploring the pareto front of
multi-objective covid-19 mitigation policies using reinforcement learning. Expert
Systems with Applications (2024)

18. Rosero, J.C., Dusparic, I.: Explainable multi-objective reinforcement learning: chal-
lenges and considerations (2025)

19. Sutton, R.S., Barto, A.G.: Reinforcement Learning: An Introduction. The MIT
Press, second edn. (2018)

20. Tamura, A., Arai, S.: Learning and selection of pareto optimal policies matching
user preferences. IEEE Access (2024)

21. Tejedor Hernandez, M.A., Woldaregay, A.Z., Godtliebsen, F.: Reinforcement learn-
ing application in diabetes blood glucose control: A systematic review. Artificial
Intelligence in Medicine (2020)

22. Topin, N., Veloso, M.: Generation of policy-level explanations for reinforcement
learning. In: Proceedings of the AAAI Conference on Artificial Intelligence. vol. 33,
pp. 2514–2521 (2019)

23. Vouros, G.A.: Explainable deep reinforcement learning: state of the art and chal-
lenges. ACM Computing Surveys 55(5), 1–39 (2022)

24. Yang, R., Sun, X., Narasimhan, K.: A generalized algorithm for multi-objective
reinforcement learning and policy adaptation. Advances in neural information pro-
cessing systems (2019)

25. Zhu, B., Dang, M., Grover, A.: Scaling pareto-efficient decision making via of-
fline multi-objective RL. In: The Eleventh International Conference on Learning
Representations (2023)



18 Rajapakse et al.

A Clustering

In Sec.3.1, we use K-means algorithm to cluster the sub-trajectories. The number
of clusters are determined using the silhouette score for a range of k values. In
Fig.6–8 we illustrate the clusters for each environment MO-HalfCheetah, MO-
Ant and MO-Swimmer under 3 preference settings - (0.25, 0,75), (0.5, 0,5) and
(0.75, 0,25). Using Principle Component Analysis the high dimensional trajec-
tory embeddings are reduced to 2-dimensions and shown in the figures.
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Fig. 6: MO-HalfCheetah
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