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Abstract
Time is of the essence when dealing with multiple
reward signals and non-linear utility. In this paper
we argue that the current main approaches in multi-
objective RL (SER and ESR), and successor fea-
tures, are insufficient. While each approach deals
with non-linear effects on user utility on different
timescales, none of them take into account that dif-
ferent effects happening on different timescales can
happen within the same decision problem. We mo-
tivate that this can indeed be the case by an exam-
ple, both intuitively and numerically, leading to a
new perspective, and a significant and non-trivial
gap in the literature.

1 Introduction
Planning and reinforcement learning agents, have been ap-
plied successfully in many domains. Many such agents rely
on a scalar additive reward structure. This can be a highly
limiting assumption in domains where distinct trade-offs be-
tween conflicting objectives need to be made. Instead, multi-
objective planning and reinforcement learning methods con-
sider multiple reward signals as a reward vector, with each
component determining an objective that forms a part of
a trade-off [Hayes et al., 2022; Vamplew et al., 2022b].
These reward vectors can then be accrued over time and then
scalarised using a possibly non-linear utility function.

Multi-objective RL considers the utility of multiple ac-
crued reward components over time. However, there are
two ways of doing so: taking the expectation over ac-
crued reward vectors (called the expected return or value)
and considering the utility of this value, computed by ap-
plying a scalarisation function to the value vector. This is
known as scalarised expected returns (SER) [White, 1982;
Roijers et al., 2013], and is perhaps the most prevalent way to
consider utility. The underlying assumption here is that there
is enough time for the expected returns to materialise, and that
the utility is derived from this average. For example, consider
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the process mapping of a video editing application [Piscitelli,
2014]. A company that processes video editing jobs on their
servers would processes large numbers of videos each day,
and they would indeed be interested in the expected return of
this process that consists of the average power consumption,
average throughput, and average latency.

The second option is to accrue the rewards, apply the utility
function on the resulting returns vector, and then take the ex-
pectation. This is known as expected scalarised returns (ESR)
[Roijers et al., 2018]. This would correspond to a scenario
where the utility is derived from one trajectory. For example,
imagine a patient that is undergoing treatment for an illness.
That person will only undergo the treatment once, and there-
fore be interested in the expected utility of their own treat-
ment outcome (not the utility of the average outcome) and
thus will not have enough time to let the expected vector re-
turn materialise. For linear utility functions, ESR and SER
are equivalent due to the distribution of the expectancy over
the weighted sum. This is not the case under non-linear util-
ity.

An alternative approach to multi-objective optimisation is
the successor feature (SF) approach [Barreto et al., 2017;
Zhu et al., 2024]. Unlike SER and ESR, which apply non-
linear utility functions to vector returns only after they have
been accrued over one or multiple trajectories, the SF ap-
proach evaluates non-linear utility at the level of individual
states or transitions before any accumulation occurs, repre-
sented as a feature vector with components the non-linear
successor features of these states/transitions. This corre-
sponds to a scenario where utility effects happen on an im-
mediate, per-step timescale. The feature vector is then lin-
early scalarised, which corresponds to planning and learning
with a scalarised reward function in terms of multi-objective
learning and planning. For example, imagine a car that hits
something. The utility of that event may depend non-linearly
on the force of impact, i.e., if you hit an obstacle very hard
the risk of bodily injury increases non-linearly. These injury
risks stack up over time, but it is not so that many subsequent
low-force impacts accumulate to a single high-force one.

All three perspectives—SER, ESR, and the successor fea-
ture approach—make sense, and are motivated by differ-
ent scenarios where the utility effects happen on different
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timescales. As such, it seems like we have three sets of in-
struments to tackle problems that deal with non-linear effects
on user utility, each on its own applicable timescale. There is
however a key issue with this: the non-linear effects on user
utility might be happening on different timescales within the
same decision problem. To motivate this we take a (simpli-
fied) look at the domain of toxicity in Section 3, where toxic
exposure can have adverse effects both immediately and on
intermediate and on longer timescales. We work out a simpli-
fied numerical example to show that taking an SER, ESR, and
SF approach lead to different policies with different outcome
distributions. Furthermore, taking the perspective of adverse
effects that happen on three different timescales simultane-
ously for this problem leads to different policies and different
outcome distributions still.

In our opinion, this indicates that there is a clear gap in
the multi-objective planning and reinforcement learning liter-
ature. So far we have not optimised for the effects on utility
of rewards at different timescales simultaneously. In order to
bridge this gap, we believe that we should redefine how we
look at multi-objective problems, and develop new method-
ologies and algorithms to deal with this new perspective. In
Section 6 we will discuss possible ways forwards.

2 Background
In RL, the framework for decision making is usually for-
malised as a Markov decision process (MDP). We care about
scenarios where rewards are not necessarily scalar and where
objectives may be competing and lead to trade-offs, giving
rise to the notion of multi-objective optimisation in an MDP.

Formally, a multi-objective Markov decision process
(MOMDP) is defined as a tuple M = (S,A, p, r, µ, γ),
where S is the state space,A is the action space, p (· | s, a) ∈
∆(S) is the state transition function, r(s, a) ∈ Rm is a multi-
objective reward function with m objectives, µ is initial state
distribution, and γ ∈ [0, 1) is a discount factor for future re-
wards.

A policy is a function mapping states to distributions over
actions, π : S → ∆(A), which intuitively prescribes which
action an agent should select in each situation.1

We define the multi-objective return of a policy π as a ran-
dom variable Gπ :=

∑∞
t=0 γ

tRt from trajectories to vec-
tors in Rm, where the trajectories are drawn as S0 ∼ µ,
At ∼ π (· | St), Rt = r (St, At), and St+1 ∼ p (· | St, At)
for all t ≥ 0. The multi-objective value function of a policy
π is the expected return, vπ(s) = Eπ[G

π | S0 = s].

2.1 Rewards in MORL
Knowing the multi-objective value functions of several poli-
cies is not enough, by itself, to decide which policy should

1For the different metrics defined in Sec. 2.1, we generally need
both memory-based and stochastic policies. Memory can always be
encoded into the state space. In terms of Pareto-optimality, deter-
ministic policies may be used as the vertices of the related convex
hull [Roijers et al., 2013], but stochastic policies are required to fill
the gaps on the curve (via a carefully designed mixture of determin-
istic ones [Vamplew et al., 2009] or adding concave terms do the
rewards [Lu et al., 2022]).

be preferred. The value of a policy is a vector: one com-
ponent may improve while another one gets worse. To turn
such trade-offs into a decision, MORL therefore requires two
ingredients: a utility function u : Rm 7→ R, which assigns a
scalar utility to a reward or return vector, and an optimisation
criterion, which specifies when this utility is applied.

The placement of u matters. It determines whether we care
about the utility of an average outcome, the average utility of
whole trajectories, or the cumulative utility of each individual
reward. These choices coincide for linear utility functions,
but they can lead to different optimal policies when u is non-
linear. Two optimisation settings have been widely used in the
MORL literature: Scalarised Expected Returns, and Expected
Scalarised Returns.

Scalarised Expected Returns
In the scalarised expected returns (SER) setting, the goal is to
find

π∗ ∈ argmax
π

u(vπ) = argmax
π

u(Eπ[G
π]), (1)

given any utility function u : Rm 7→ R. SER first averages
the return vector of a policy and only then applies the util-
ity function. Intuitively, it evaluates a policy by its long-run
mean performance across objectives. This is natural when
the same policy is used many times and the decision maker
mainly cares about aggregate performance over a population
of runs.

Expected Scalarised Returns
In the expected scalarised returns (ESR) setting, the goal is to
find

π∗ ∈ argmax
π

Eπ [u (G
π)] , (2)

given any utility function u : Rm 7→ R. ESR applies the util-
ity function to the complete return vector of each trajectory
and only then averages across trajectories. It therefore cap-
tures how good an individual realised outcome is before tak-
ing expectations. This distinction is important when the util-
ity function represents risk, fairness, saturation, or any other
non-linear preference over complete outcomes.

Returns of Scalarised Rewards
A third possible setting is the approach used by default in
single-objective RL: apply the utility function directly to the
reward vector at each time step, and then maximise the ex-
pected return of the resulting scalar rewards. In returns of
scalarised rewards (RSR), the scalar return is

Gπ
u =

∞∑
t=0

γtu(Rt), (3)

and the goal is to find

π∗ ∈ argmax
π

Eπ [G
π
u] . (4)

RSR treats each time step as a separate trade-off. It is ap-
propriate when the utility of an immediate reward vector is
meaningful on its own, for example when one wants to pe-
nalise dangerous or undesirable instantaneous combinations
of objectives, rather than only their cumulative effect over a
full trajectory.



Utility Functions
If u is linear (i.e., a simple weighted sum of the components
of the reward or return vector), then the same policy will be
optimal for SER, ESR, and RSR. However if a non-linear
function is used for u (e.g. Chebyshev distance), then a dif-
ferent policy may be optimal for each of these settings. Im-
portantly, this implies that we may have different optimal so-
lution sets for each problem formulation [Hayes et al., 2022].

2.2 Rewards in Succesor Features-based RL
The Successor Features (SFs) framework [Barreto et al.,
2017; Barreto et al., 2020] was originally proposed to model
multi-task RL problems, where each task is defined by a dif-
ferent reward function. It assumes that the reward function of
an MDP is given by a linear function over a set of d features
ϕ(s, a) ∈ Rd :

rw(s, a) = ϕ(s, a) ·w. (5)

The SFs of a policy π represents the expected sum of the fea-
tures: ψπ(s, a) = Eπ[

∑∞
t=0 γ

tϕt|S0 = s,A0 = a].
Intuitively, we can see this setting as an instantiation of the

RSR setting where the vector reward Rt is replaced by the
feature vector ϕt, and u is a linear function uw(ϕt) = ϕt ·w.
[Alegre et al., 2022] showed that, in this case, SFs are equiv-
alent to a multi-objective value function, and the SFs frame-
work is equivalent to MORL under linear utility functions.

Beyond Linear Rewards in SFs
The expressiveness of SF-based approaches depends heavily
on the definition of the features ϕ. Unlike the vector re-
wards in MORL that are typically specified by domain ex-
perts, the features ϕ can instead be learned by an agent.
For example, these features can be learned via optimization
of supervised criteria, e.g., to approximate a set of reward
functions [Barreto et al., 2018], or via unsupervised objec-
tives, e.g., to approximate the Laplacian of the MDP [Chan-
drasekar and Machado, 2025] or to identify clusters of the
state space [Bagot et al., 2025].

Importantly, if the feature vector is a one-hot encoding
indicating the current state of the agent in the state space,
ϕ (s) = [1S1

(s), · · · ,1Sd
(s)]

⊤ where d = |S|, then any re-
ward function, r, can be represented as a vector w ∈ R|S|,
where w = [r(s1) ... r(s|S|)]

⊤. This implies that non-linear
functions of the reward vector (Section 2.1) would be unnec-
essary. The Forward Backward (FB) representation [Touati
and Ollivier, 2021; Touati et al., 2022] fits in this context by
learning a high-dimensional representation that, under some
dimensionality constraints/assumptions, can express the opti-
mal policy for any possible reward function.

We observe a tendency for SF-based approaches to in-
crease their expressiveness (the family of problems they can
solve) by discovering more powerful feature representations,
while maintaining a linear utility function.

In contrast, in the MORL literature, most works typically
consider a low-dimensional reward vector, but expand the
family of problems that MORL techniques can solve by em-
ploying non-linear utility functions. We believe that, although
orthogonal, it makes sense to combine both directions when
tackling some real-world problems.

That being said, the multi-objective RSR criterion with
non-linear u, can be implemented in successor features by
simply appending the existing features ϕt by a non-linear
combination of these features: ϕt ← ϕt ∪ {ũ(ϕt)}.2 This
feature then gets accrued over time as the utility, and a weight
of 1 is placed on this new feature. SER and ESR in general
however, cannot be implemented using traditional successor
feature approaches, as after accruing rewards over time, only
linear combinations are allowed.

3 Motivating Example: Toxicity
As mentioned above, the optimisation criteria (SER, ESR,
and RSR) say something about the impact of—reward or
feature—signals on user utility. This happens at differ-
ent timescales: across multiple episodes for SER, over one
episode for ESR, and at a single-timestep for successor fea-
tures/RSR. All of these make sense in one setting or another.
However, we would like to argue here, that they can also make
sense all at once. It is just a matter of timescale.

Let us turn to the example of exposure to substances and
their toxicity. Toxicity effects typically follow a non-linear
dose-response curve, and thus leads to non-linear utility. A
high dosage in a short time can lead to severe immediate ad-
verse effects. This is known as acute exposure (one dose, or
accumulating exposure up to 24 hours), and could correspond
to a timestep-based application of a non-linear (utility func-
tion) before the rewards/penalties are added up at all.

However, just because a substance does not hurt you when
you are exposed to it at a lower dosage once, does not mean
you can keep getting exposed to it. In fact, in toxicology the
following exposure time-lengths are often distinguished sub-
acute (24 hours to 28 days), sub-chronic (less than 90 days),
and chronic exposure [Denny and Stewart, 2024].

Let’s consider a small company with three certified people
to work with toxic substances. These workers have different
experience levels, and therefore also different risk exposure
risks for different tasks. Let’s imagine we aim to optimise the
monthly work schedule, with an employee taking the same
work station for a day, doing one task. For simplicity lets
imagine there are 3 tasks in total that are the same each day.
Let’s take the dose each of the three employees get as three
separate reward functions. What happens when we take dif-
ferent types of exposure into account?

3.1 Intuition
First let us see what would happen if we would take different
types of toxic exposure into account in an intuitive manner,
before looking at a numerical example.

Chronic exposure. For chronic exposure, we would con-
sider the long-term damage of being exposed to a toxin in
small amounts over a long period of time. This would mean
we ought to look at the exposure over the course of multiple
months or even years. In RL terms this would correspond

2This assumes all features in ϕt are reward components. If this is
not the case we would instead have to apply a composite function u◦
r̃, where r̃ is the translation of the successor features to the rewards
in each objective.



to multi-objective RL (MORL) under the scalarised expected
returns (SER) criterion [Hayes et al., 2022]. Furthermore, be-
cause the response to toxins are typically sigmoid shaped—
meaning that the toxic effects start increasing slowly for low
dosages and then increase ever faster before flattening off
again—this means we probably just have to spread out the
average toxic exposure over all employees as much as possi-
ble so that each individual’s long-term average dose is low,
leading to the least averse effects.

Sub-acute exposure. For sub-acute exposure, we would be
interested in the total dosage an employee would get over the
entire month. This would require us look at the possible out-
comes for each month, as a probability distribution, and look
at the expected adverse effects of the cumulative dosages for
the entire month (again by applying a probably sigmoidal re-
sponse curve). It would probably also be important to track
closely the dosage the employee already received up until a
given day, and dynamically adapt our schedule to that. In RL
terms this would correspond to expected scalarised returns
(ESR) [Roijers et al., 2018].

Acute exposure. For acute exposure, we would be inter-
ested in the immediate effects of a high dose within 24 hours.
This would entail considering the dosage an employee gets
as a result of a task, and then applying the response curve di-
rectly to that. Taking the average of that would correspond
to the average risk of acute exposure on a daily basis. We
could model this using successor features, by directly con-
sidering the toxic response—per timestep—as a state feature,
corresponding to RSR.

So what would a responsible employer have to do now?
In the decision theoretic literature we seem to have the
choice between SER, ESR, or RSR as an optimisation cri-
terion. Each of these would imply only one of the different
timescales for toxic exposure. But that does not suffice; a
responsible employer should have their eye on every type of
toxic exposure, not just one. We should optimise for all at
once.

We argue that this indicates a critical gap in the literature,
i.e., different problems may require us to look at (cumula-
tive) rewards on different timescales, but importantly differ-
ent timescales may have to be taken into account at the same
time.

3.2 Numerical example
Now we turn our example into a numerical decision prob-
lem, and will show that different policies are optimal for
different settings. The decision problem consists of 3 em-
ployees of varying skill levels and 3 tasks with varying tox-
icity (table 1). The goal is to assign the employees opti-
mally over time given a possibly non-linear utility function
that limits the maximal toxic dosage per employee either per
day, per month, over multiple months or over all possible
time frames simultaneously. This problem can be modeled
as a MOMDP with state space S defined as all permuta-
tions of employees, with their positions indicating their as-
signed task (e.g. [emp1, emp2, emp3] indicates that em-
ployee 1 is assigned to task 1, employee 2 to task 2 and
employee 3 to task 3) and action space A as the finite dis-

Table 1: The environment parameters. Each employee initially starts
at their respective task (s0 = [0, 1, 2]).

Skill level
Employee 1 0.75
Employee 2 0.60
Employee 3 0.2

Toxicity
Task 1 70
Task 2 25
Task 3 10

crete set of permutation indices such that |A| = 3!. Note
that the state needs to be augmented with the accrued re-
ward in order to accommodate non-linear utility under ESR
and SER [Vamplew et al., 2024; Reymond et al., 2023;
Roijers et al., 2018]. The vectorial reward function is de-
fined as r(st, at) = [−r1(st, at),−r2(st, at),−r3(st, at)],
where ri indicates the toxic dose that each employee is ex-
posed to on a given day. These doses are defined as ri =
max(0, (1−Si)·Tj+ε), with Tj being the toxicity of the task
currently assigned to employee i and Si the corresponding
skill level of that employee. The doses are slightly stochastic,
subject to the noise ε ∼ N (0, 10). We note that in a successor
feature formulation, the received dosages would be appended
to the state, rather than given as a reward vector. We consider
episodes of 30 days long to simulate work schedules over a
month.

In order to model and mitigate the three types of toxic ex-
posure highlighted above, we propose three utility functions.
The acute utility function determines the limit on acute
exposure and as such, should be applied to the reward at each
timestep:

uacute(r) =
3∑

i=1

1

1 + e−.5(ri+25)
(6)

The episodic utility function considers sub-acute and
chronic exposure (e.g. over one or multiple episodes) and
thus should be applied over the returns or values:

uepisodic(Gt) =

3∑
i=1

1

1 + e−.02(Gt,i+400)
(7)

Note that in the case of SER optimization uepisodic(Vπ)
should be computed instead of over the return Gt as under
ESR.
The combined utility function should be a combination of
both uacute and uepisodic (applied to both the returns and the
value). This is a novel approach to solving multi-objective se-
quential decision-making problems using a utility-based ap-
proach.

4 Experiments
To showcase the need for a unified view we performed ex-
periments on the example highlighted in section 3.2 for the
three optimisation criteria: ESR, SER and RSR. Finally, we
combined the three criteria through a multi-objective natu-
ral evolution strategy (MONES) [Glasmachers et al., 2010;
Salimans et al., 2017]. Note that the experiments serve as
an illustrative proof of concept to show distinct differences
between optimisation criteria.



4.1 Algorithms

In order to show the differences in policies learned under each
optimization criterion, we used algorithms that are tailored
for those settings 3.

EUPG (ESR) Expected Utility Policy Gradient (EUPG)
[Roijers et al., 2018] is a multi-objective adaptation of the
REINFORCE algorithm [Williams, 1992]. It is designed
to learn optimal policies under ESR for non-linear utilities
and achieves this by incorporating the accrued reward during
learning and applying the utility over the sum of the accrued
return and future returns.

NLPPO (SER) Optimising for non-linear utility under the
SER criterion requires computing the value function first be-
fore computing the utility function. This is achieved by modi-
fying an offline variant of proximal policy optimisation (PPO)
[Schulman et al., 2017; Meng et al., 2023] to apply the utility
over the critic network’s output, as proposed by [Röpke et al.,
2025].

SFDQN (SF/RSR) We simulated a successor feature
(/RSR) approach for this problem by transforming the prob-
lem into a linear multi-objective RL problem through the ap-
plication of uacute (Eq. 6), which is a non-linear transfor-
mation with a subsequent linear combination using uniform
weights (all employees counting equally) (as in Eq. 5). This
non-linear transformation of the reward function corresponds
to the learning of successor features that are non-linear w.r.t.
the states in the problem, given that the original state space
were extended with a non-linear utility applied to the reward
components. After application of the linear scalarisation on
the non-linear features, we are left with a single-objective RL
problem that can be solved using deep Q networks (DQN)
[Mnih et al., 2013].

MONES (combined perspective) Optimising for the com-
bined utility over different timesteps requires a novel ap-
proach, as directly combining either of the methods above is
infeasible because scalarisation happens over different time
windows and does not distribute over time due to the non-
linearity of the utilities. We propose to use a natural evolu-
tion strategy to learn the search distribution over policy pa-
rameters that optimises the combined utility per timestep, per
episode and on average over multiple episodes. This combi-
nation is achieved by multiplying all three utilities to get the
fitness function of the parameter population, inspired by the
AND operator in fuzzy logic. In order to ensure equal con-
tribution of each utility to the total, we divide uacute by 30,
the episode length, to get the average acute utility. This leads
to equal contribution of each sub-utility to the total due to the
normalisation effect of the sigmoidal utility functions.

4.2 Setup

The hyperparameters for the algorithms are given in table 2.
Each experiment was performed using 3 different seeds on an
Apple M5 CPU.

Table 2: Hyperparameter configurations for the evaluated algo-
rithms.

Hyperparameter Value

Shared

Discount factor (γ) 1
Episode length 30
Optimizer Adam

EUPG (ESR)

Learning rate 1e-4
Replay buffer size 1e5
Learning steps 3e6

NLPPO (SER)

Actor learning rate 2.5e-4
Critic learning rate 2.5e-4
Clip range (ϵ) 0.2
Entropy coefficient 0.05
GAE λ 0.95
Learning steps 3e6

SFDQN (RSR)

Learning rate 1e-4
Replay buffer size 1e5
Target net update freq. 1000
Exploration fraction 0.5
Learning steps 2e6

MONES (Combined)

Population size 50
Eval episodes per member 60
Learning rate 1e-4
Noise std. dev. (σ) 0.1
Learning steps (generations) 5e6

4.3 Results
When comparing the return distributions of each method in
Fig. 1, we could notice differences between assignments. Op-
timising under ESR led to a switching strategy being learned
that kept the toxicity penalty nicely around the threshold of
400 for all employees. Note that this implies exceeding the
daily intake limit at times. Looking at the optimal policy un-
der SER, the return distribution has less kurtosis. This is the
result of the policy preferring to keep employees 1 and 2 un-
der the threshold by rotating them, but in turn ’sacrificing’
the least experienced employee 3.4 By maximising the utility
for 2 employees instead of nicely balancing, it aims to get a
higher total utility. Note however, that the expected return un-
der SER lies close to the expected return under ESR for em-
ployee 1 and 2, although with increased variance. This shows
why SER optimisation is not optimal in cases where risk-
awareness is necessary. The need for sacrificing employee
3 stems from the rollouts where employee 1 and 2 are kept
well under the toxicity threshold for the episode, leading to

3The code for our experiments is available at https://github.com/
liammertens/MORL-timescale/tree/main

4Please note that this is a numerical example problem, and we
would not recommend this in practice.

https://github.com/liammertens/MORL-timescale/tree/main
https://github.com/liammertens/MORL-timescale/tree/main


Figure 1: Comparison of the return distributions resulting over 50 policy rollouts.

optimal expected utility. Optimisation under RSR leads to a
switch-averse policy that prefers to keep employees working
on the tasks that correspond to their skill level, as this strategy
is certain to keep working and no additional requirements on
total toxicity are given. Finally, the combined method learns
to shuffle, but mainly prefers to put employee 3 on the most
difficult task, even more than under SER, leading to optimisa-
tion for the utilities of the two most experienced employees.
One explanation for this phenomenon could be that the com-
bination of all 3 utilities allows the agent to maximise one or
two of them and neglect the other, leading to the ’sacrifice’
scenario. E.g. the agent is not willing to risk exceeding the
daily thresholds for employee 1 and 2 in exchange for the to-
tal utility of employee 3, so they are kept on the less intensive
tasks.

The sacrificing policies being optimal for SER and the
combined objective are a clear indication that the problem
is too hard, as not all employees can be safe from chronic ex-
posure. Especially in the combined objective, it appears that
the safety of the third employee is given up, indicating a very
clear safety issue for the employer. However, if you look at
the RSR or ESR optimisation, the switching policies do seem
to balance the toxicity well, and the employees are safe. As
such, there seems to be a lot of value in looking at the dif-
ferent timescales at once, if we want to guarantee the safety
of all. Clearly the employer needs more employees, or better
hazard mitigation measure, to lower the exposure risks when
looking at the combined objective, while they might not think
so looking solely at ESR (or RSR). In this—admittedly highly
simplified/abstract—example, looking at different timescales
at once is thus truly essential.

To conclude we observe that there are problems for which
looking at different timescales individually leads to very dif-
ferent results than looking at the combined utility effects on
different timescales simultaneously. For this we used three
standard algorithms for RSR, ESR and SER, and a heuris-
tic approach (MONES) for the combined utility of differ-
ent timescales. We believe that these results call for further
investigation into, and specialised algorithms for, combined
timescale utility optimisation.

5 Related Work
The majority of MORL algorithms consider only a single op-
timisation criteria. For example, [Cai et al., 2023] shows how
to, given an MOMDP under ESR, construct a MDP with aug-
mented state space and scalar reward function that induces
the same optimal policy as the original MOMDP. [Vamplew
et al., 2022a] discussed a scenario where the optimal policy
might maximise SER subject to a satisfactorily small level
of variation in returns between episodes (reduced-variance
SER), but their proposed algorithm is restricted to the spe-
cific case of finding SER-optimal deterministic policies for
environments with stochastic rewards but deterministic state
dynamics. More recently [Röpke et al., 2023] introduced the
distributional undominated set (DUS), which in theory con-
tains all optimal policies under both SER and ESR criteria.

At a theoretical level, studies have examined how the
choice of utility function or optimisation criterion impacts on
the policies that are available to a RL or MORL agent. [Sub-
ramani et al., 2024] proposes a hierarchy of RL formalisms,
and shows that, in theory, the SER (Outer MORL) formalism
can express all policy orderings that ESR (Inner MORL) can
express. [Rodriguez-Soto et al., 2024] shows a characterisa-
tion of the utility functions for which an associated optimal
policy exists, and (2) a characterisation of the types of prefer-
ences that can be expressed as utility functions.

In the literature on multi-task RL and successor mea-
sures/features, a few works have explored similar problems.
Regarding approaches that learn distributional value func-
tions, [Wiltzer et al., 2024] introduces a distributional ana-
logue to the SFs. In particular, they show that it allows agents
to perform zero-shot risk-sensitive policy evaluation, which
can be seen as a type of non-linear utility. The Forward-
Backward (FB) representation [Touati and Ollivier, 2021;
Touati et al., 2022] is another relevant framework that allows
to approximate (under some dimensionality constraints) the
optimal policy for any scalar reward function, fitting the for-
malism presented in Section 2.1. Recently, [Bagatella et al.,
2026] studies how to optimize for general non-linear utility
functions of the successor measure of a policy. We believe
this type of method is a good example of combining expres-



sive reward representations with non-linear utilities.
Another relevant line of work that extends the expressivity

of SF-based methods is the Option Keyboard (OK) [Barreto
et al., 2019; Barreto et al., 2020]. Instead of following a pol-
icy specialized to a fixed preference vector w, an OK agent
is capable of dynamically changing this vector (and the as-
sociated policy being followed) at each time step, similar to
dynamic preferences in MORL [Abels et al., 2019]. This type
of technique has been shown to be capable of optimally solv-
ing some classes of non-linear reward functions [Alegre et al.,
2025].

6 Discussion
In this paper, we have shown the need for a utility-based per-
spective in multi-objective planning and reinforcement learn-
ing that works on multiple timescales at once. We have shown
this intuitively and then numerically on a toxicity example.

In our example—for reasons of simplicity—we left out the
sub-chronic toxicity that is also known from the toxicology
literature. In terms of timescale, this would fall between SER
and ESR; it goes beyond one execution of the policy (encom-
passing about a month), but would not be quite the average
longtime outcome either. There is some discussion over the
exact timescale of what it means to be sub-chronic5, but if we
take the 90 days mark it would correspond to roughly three
policy executions in our example. We could look at the distri-
bution of the summed doses in three policy executions, which
would be a smoother distribution of values. This could be
added as a fourth timescale.

Although we only used one abstract example in this paper,
we do believe that these types of problems are actually quite
common. Consider for example companies that are interested
in the average time a customer’s order needs to be completed,
in order to optimise serving costs. However, they might also
be interested in the individual customer’s waiting times at the
same time, as if a handful of customers might have to wait
very long compared to the main bulk, this can lead to very bad
reviews and lead to damage to the company’s reputation. This
would suggest at least a combined SER-ESR perspective and
corresponds to an average reward RL problem [Mahadevan,
1996]. In the medical domain (possibly AI-assisted) radiation
therapy [Van der Veen et al., 2019] is spread out over multi-
ple sessions to reduce the radiation damage to surrounding
organs, while making sure the accumulated dose over time is
enough to kill a tumor. This suggests a combined RSR-ESR
perspective. So indeed, we suspect that a lot of critical real-
world decision problems exhibit utility properties on multiple
timescales.

With the numerical example, we have shown that differ-
ent policies work better for different timescales and the cor-
responding optimisation criteria. We argued that we need
to develop comprehensive methodology and algorithmic ap-
proaches to deal with different timescales simultaneously, as
policies that work well for SER, ESR, or RSR may not suffice
for a combination of the three.

We believe that a key aspect of any solution that works
on multiple timescales simultaneously will be a distributional

5See e.g., https://tinyurl.com/subchronic.

one, i.e., to learn a distributional return and distributional re-
ward function. However, we do note that even if we have
those, policy optimisation is far from trivial. A change
in policy can have effects on multiple timescales, leading
to a highly complex utility landscape. The AI community
has developed multiple ways to tackle such complex utility
landscapes though, including policy gradients, evolutionary
strategies, etc. So we are hopeful that our community can
and will find good approaches for this issue.

Ethical Statement
The toxic exposure example in this paper is used purely for
illustrative purposes. We are not advocating for organisations
to manage employees’ exposure to toxins in this manner.

More broadly, we believe that the greater expressivity pro-
vided by the use of multiple rewards and optimisation criteria
enhances the AI agents’ capacity to include ethical consid-
erations explicitly during decision-making [Vamplew et al.,
2018].
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Gabriel Ramos, Marcello Restelli, Peter Vamplew, and
Diederik M. Roijers. A practical guide to multi-objective
reinforcement learning and planning: Cf hayes et al.
Autonomous Agents and Multi-Agent Systems, 36(1):26,
2022.

[Lu et al., 2022] Haoye Lu, Daniel Herman, and Yaoliang
Yu. Multi-Objective Reinforcement Learning: Convexity,
Stationarity and Pareto Optimality. In The Eleventh In-
ternational Conference on Learning Representations, sep
2022.

[Mahadevan, 1996] Sridhar Mahadevan. Average reward re-
inforcement learning: Foundations, algorithms, and em-
pirical results. Machine Learning, 22(1):159–195, March
1996.

[Meng et al., 2023] Wenjia Meng, Qian Zheng, Gang Pan,
and Yilong Yin. Off-Policy Proximal Policy Optimization.
Proceedings of the AAAI Conference on Artificial Intelli-
gence, 37(8):9162–9170, June 2023.

[Mnih et al., 2013] Volodymyr Mnih, Koray Kavukcuoglu,
David Silver, Alex Graves, Ioannis Antonoglou, Daan
Wierstra, and Martin Riedmiller. Playing atari with deep
reinforcement learning, 2013.

[Piscitelli, 2014] Roberta Piscitelli. Pruning techniques
for multi-objective system-level design space exploration.
PhD thesis, Universiteit van Amsterdam, 2014.

[Reymond et al., 2023] Mathieu Reymond, Conor F. Hayes,
Denis Steckelmacher, Diederik M. Roijers, and Ann
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