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Adaptive Curriculum Learning with Successor
Features for Imbalanced Compositional Reward

Functions
Laszlo Szoke1,2,+, Shahaf S. Shperberg3, Jarrett Holtz4,5, Alessandro Allievi4,5

Abstract—This work addresses the challenge of reinforcement
learning with reward functions that feature highly imbalanced
components in terms of importance and scale. Reinforcement
learning algorithms generally struggle to handle such imbalanced
reward functions effectively. Consequently, they often converge
to suboptimal policies that favor only the dominant reward
component. For example, agents might adopt passive strategies,
avoiding any action to evade potentially unsafe outcomes entirely.
To mitigate the adverse effects of imbalanced reward functions,
we introduce a curriculum learning approach based on the
successor features representation. This novel approach enables
our learning system to acquire policies that take into account all
reward components, allowing for a more balanced and versatile
decision-making process.

Index Terms—Reinforcement Learning, Continual Learning

I. INTRODUCTION

IN reinforcement learning (RL), agents interact with an en-
vironment to learn a policy that maximizes their cumulative

rewards. In certain domains, the environment’s reward function
comprises multiple components collectively aggregated as a
weighted sum. For instance, in autonomous driving, the reward
may encompass factors such as distance traveled, adherence
to traffic regulations, collision avoidance, fuel efficiency, pas-
senger comfort, and other considerations.

A significant challenge emerges when certain components
within a reward function carry substantially greater weight
than others. For example, scenarios where the negative impact
of a collision is orders of magnitude higher than the positive
reward for making progress. Typically, RL algorithms tasked
with handling such imbalances tend to converge toward poli-
cies that heavily favor the dominant components of the reward,
often at the expense of completely disregarding other crucial
factors.
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In the context of autonomous driving, consider algorithms
that directly optimize a reward function that endeavors to strike
a balance between distance-driven and collision penalties. For
instance, algorithms that impose a collision penalty equivalent
to the cumulative reward of 1,000,000 kilometers driven [1].
These algorithms often converge toward a degenerate policy
where the vehicle remains stationary to evade the substantial
negative penalties associated with collisions. Another example
is a video game, where progress serves as the primary reward,
but smaller rewards are also gained from acquiring collectibles.
Traditional RL algorithms may face challenges in prioritizing
the collection of these items, especially if they are challenging
to obtain and are sparse, as progressing through the game will
dominate the reward.

To tackle the issue of learning from imbalanced rewards, we
leverage successor features (SFs), a value function represen-
tation that decouples environmental dynamics from rewards.
Within the SF framework, the weights assigned to different
reward components are embodied as a preference vector. This
allows adapting preference values to reflect varying importance
levels among components without necessitating a complete
relearning of the environment’s dynamics.

We introduce Preference-Vector Curriculum (PrefVeC), an
approach that dynamically evolves the preferences throughout
the training process. PrefVeC starts by assigning weights
that prioritize the least influential reward component. Through
iterative adjustments, it progressively increases the weights of
dominant components, steering them towards gradual align-
ment with the actual, imbalanced reward function during train-
ing. Consequently, PrefVeC enhances the performance of RL
agents when confronted with imbalanced reward functions.

The SFs framework facilitates curriculum learning through
three key mechanisms:

1) Knowledge Transfer. SFs provide a natural avenue for
transferring knowledge between policies corresponding to
different reward weights.

2) Adaptive Weight Adjustment. SFs provide an effective
means of determining the next preference value within
the curriculum. This can be achieved by calculating a
set of weights that would yield a specified percentage of
changes in actions, as derived from the current policy and
computed based on the experienced trajectories recorded
in the buffer.

3) Policy Combination. SFs enable the integration of all
policies learned throughout the curriculum into a com-
prehensive policy that outperforms each individual policy,
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as opposed to merely selecting the last trained policy.
Policies learned using SFs can be evaluated with weights
that differ from those used during training. Consequently,
the agent can assess all policies at each state using the true
set of weights and select the one with the best expected
value.

We evaluate the effectiveness of our approach across three
domains: a basic GridWorld and two driving scenarios. Our
evaluations demonstrate that PrefVeC learns policies that
better avoid the pitfall of optimizing for only one dominant
reward component compared to baseline methods that directly
optimize imbalanced reward functions.

II. RELATED WORK

A. Reward Decomposition and Successor Features

Reward decomposition has garnered attention in the rein-
forcement learning (RL) community, with the aims of en-
hancing sample efficiency [2], [3], fostering explainability [4],
and promoting cooperation in multi-agent systems [5]. These
approaches involve learning distinct Q-values for each reward
component and subsequently aggregating these values to de-
termine the optimal action for each state. For example, [6],
[7] decompose the reward function into positive and negative
reward components. The method involves learning Q-values
separately for each reward component, Q+, and Q−, respec-
tively. During deployment, the agent considers a Q-value that
is a linear combination of the positive and negative Q-values
with respect to a parameter w: Qr(s,a) = w ·Q+(s,a)+ (1−
w) ·Q−(s,a). This approach has shown superior performance
compared to other reward decomposition and standard Q-
value-based RL methods. However, it addresses neither more
than two reward components nor imbalanced rewards.

A prominent line of research in reward decomposition
centers around successor features (SFs) [8]. SFs are an
extension of the successor representation [9] that separates
the environment dynamics from the rewards. This separa-
tion enables knowledge transfer between tasks that share the
same environment but optimize different reward functions.
Recent advancements in this area include the introduction
of FastRL by Barreto et al. [10], a method that generalizes
policy improvement and policy evaluation for SFs to enhance
sample efficiency when learning new tasks. Szoke et al. [11]
further enhanced FastRL by introducing stabilizing target
networks and fostering information sharing among policies.
Other notable research directions involve employing mutual
information methods to learn reward decomposition [12],
extending SFs to handle reward functions that cannot be
linearly decomposed [13] [14], bounding the performance of
SFs-based policies during task transfers [15], and leveraging
SFs for knowledge transfer across environments with varying
dynamics [16]–[19]. Furthermore, SFs have found application
in multi-agent systems to enhance collaboration and coordi-
nation among agents [20]–[22]. SFs decomposition handles
multiple reward components but lacks a solution for learning
with imbalanced rewards.

Imbalanced reward functions often arise when agent safety
takes precedence, as prioritizing safety is typically deemed

vastly more critical than other objectives. Gimelfarb et al.
[23] introduced risk-aware successor features (SFs) to transfer
safety-related insights between tasks. In contrast to our ap-
proach, this method encodes safety as the variance of rewards
rather than integrating it directly into the reward function.
It’s worth noting that this approach is designed explicitly for
safety-related tasks by encouraging policies that result in low
variance. Consequently, it is not readily applicable to general
cases of imbalanced reward functions.

B. Curriculum Learning in RL

In Curriculum Learning (CL) [24] [25], the objective is to
craft curricula tailored to a specific target task or distribution
of tasks for the agent’s training. The strategic use of curricula
can significantly enhance the agent’s performance compared
to direct training on the target task or distribution.

Within the Reinforcement Learning (RL) community, CL
offers versatile methods for modifying the learning tasks and
their presentation order to the agent [26]. Noteworthy ap-
proaches include decomposing challenging tasks into simpler
missions [27], prioritizing transitions for policy updates [28],
controlling initial or goal states [29] [30], and altering reward
functions or transition dynamics [31].

To the best of our knowledge, this work is the first endeavor
to address the challenge of learning with imbalanced reward
functions. Moreover, it marks the first utilization of reward
decomposition and the successor features (SF) representation
to facilitate curriculum learning.

III. BACKGROUND ON SUCCESSOR FEATURES

A Markov Decision Process (MDP) is a framework for
modeling decision-making often employed to formulate RL
problems. An MDP is a tuple M= (S,A,T,D0,γ,R) in which
S is the state space, D0 is the start state distribution and γ is
the discount factor. In addition, T is the transition function,
such that T (·|s,a) is the next-state distribution after taking
action a from state s, and R : S ×A×S → R is the reward
function. The agent’s objective is to learn a policy π : S →A
that optimizes the discounted cumulative reward:

J(π) = E
s0∼D0, at∼π(st ),

st+1∼T (·|st ,at )

[ ∞

∑
t=0

γ
tR(st ,at ,st+1)

]
. (1)

The action-value function Q associated with a policy π can be
derived from the optimization target in Eq. (1)

Qπ (s,a) = E
at∼π(st ),

st+1∼T (·|st ,at )

[ ∞

∑
t=0

γ
tR(st ,at ,st+1)|s0 = s,a0 = a

]
(2)

The successor features (SFs) representation, introduced by
Barreto et al. [8], involves mapping actions and states to a
set of features through the function φ : S ×A×S 7→ Rd . In
this formulation, reward functions are defined by a preference
vector w ∈Rd , as expressed in Eq. (3):

Rw(s,a,s′) = φ(s,a,s′)⊤w. (3)

We can rewrite Eq. (2) w.r.t. a preference vector w as follows:
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Qw
π (s,a) = E

at∼π(st )
st+1∼T (·|st ,at )

[ ∞

∑
t=0

γ
tR(st ,at ,st+1)|s0 = s,a0 = a

]
= E

at∼π(st )
st+1∼T (·|st ,at )

[ ∞

∑
t=0

γ
t
φ(st ,at ,st+1)

⊤w|s0 = s,a0 = a
]

= E
at∼π(st )

st+1∼T (·|st ,at )

[ ∞

∑
t=0

γ
t
φ(st ,at ,st+1)

⊤|s0 = s,a0 = a
]
w

= ψ
π(s,a)⊤w (4)

where,

ψ
π (s,a)≡ E

at∼π(st )
st+1∼T (·|st ,at )

[ ∞

∑
t=0

γ
t
φ (st ,at ,st+1) |s0 = s,a0 = a

]
. (5)

Here, ψπ(s,a) is referred to as the successor features vector,
the expected value of the discounted feature functions along a
trajectory when acting according to a given policy π . Under the
SFs representation, Qw

π (s,a) (Eq. (4)) facilitates the evaluation
of policies on multiple tasks, where each task is associated
with a different preference vector w. This evaluation is known
as General Policy Evaluation (GPE) [10]. Furthermore, this
formulation enables the enhancement of individual base poli-
cies, defined with specific preference vectors w, through their
combination. Given a set of base policies Π, a new policy
π ′ /∈ Π can be defined as follows:

π
′(s) ∈ argmax

a∈A
(max
π∈Π

Qw
π (s,a)). (6)

This operation also results in a policy π ′ that is as good
or better than all policies in Π. This paradigm is known
as General Policy Improvement (GPI). FastRL [10] is an
algorithmic approach that employs GPE and GPI to tackle
new tasks defined by different preference vectors efficiently.

IV. PROBLEM STATEMENT

In this work, we consider an MDP, Mw =
(S,A,T,D0,γ,Rw) in which the reward function Rw is
expressed as a linear function of a predefined set of features
φ and a weight vector called its preference vector w, as
defined in Eq. (3). Additionally, we assume that the reward
function exhibits an imbalance, where some indices i and
j satisfy wi >> w j, where wi and w j are respectively the
i-th and j-th components in w. Note that this assumption
also implies that there is more than one component in the
reward function. To tackle this imbalance, we leverage the
SFs formulation to construct a curriculum over preference
vectors. This curriculum allows the agent to adapt to the
imbalanced reward function progressively.

V. PREFERENCE-VECTOR CURRICULUM (PREFVEC)

We introduce a novel approach that harnesses the succes-
sor features (SFs) representation to craft a series of n task
variations. These tasks are defined by a set of preference
vectors, denoted as W = w1, . . . ,wn, which gradually tran-
sition from an initial preference vector w1—accounting for

only one reward component—to the final preference vec-
tor wn, aligning with the true imbalanced reward function.
We term this approach the Preference-Vector Curriculum,
or simply PrefVeC. Formally, given a target task Mt =
(S,A,T,D0,γ,Rwt ), PrefVeC operates on a set of source
tasks M=M1, . . . ,Mn, corresponding to the set of preference
vectors W . PrefVeC learns a policy for each task and utilizes
General Policy Evaluation (GPE) (as in Eq. (4)) to integrate
them into a unified policy for the target task.

We investigate two variants of PrefVeC: PrefVeCS and
PrefVeCD. PrefVeCS employs a predefined static curricu-
lum, while PrefVeCD dynamically constructs the set of
preference vectors W based on information gathered from the
previous task in the sequence.

A. Static Curriculum

In the context of PrefVeCS, the entire set of preference
vectors W is generated prior to the commencement of training,
a process facilitated by a predetermined Curriculum. Let wT =
[w1

T , . . . ,w
d
T ] denote the preference vector for target task T . For

clarity, assume that w1
T , . . . ,w

d
T are ordered in ascending order

based on their magnitude (absolute value).
Within the PrefVeCS framework, users are granted the

flexibility to hand-design preference vectors for individual
tasks, tailoring them to meet specific task-related requirements.
The determination of the preference vectors that form the
curriculum is guided by practical engineering considerations,
accounting for scale differences and the desired granularity of
curriculum progression.

While any curriculum is theoretically valid, in our exper-
iments, we have chosen to explore curricula in which the
weight vectors are systematically incremented one component
at a time in ascending order of magnitude until they ultimately
converge to the target preference vectors. This specific type of
curriculum is termed as Incremental Magnitude Curriculum
(IMC). In the IMC approach, the initial task, M1 is associated
with a preference vector in which the first component pos-
sesses the lowest magnitude and the subsequent components
are set to zero: w1 = [w1

i ,0, . . . ,0]. Subsequently, each reward
weight is incrementally scaled towards its true value over the
span of multiple tasks until it converges to the target preference
vector. Within PrefVeCS, the rate at which each reward
component converges to its target value is predetermined by
the user. For instance, if wT = [1,−20,50], a valid IMC
progression could be represented by the following sequence
of tasks: [[1,0,0], [1,−5,0], [1,−15,0], [1,−20,0], [1,−20,10],
[1,−20,30], [1,−20,50]], where each task receives an equal
portion of the training budget. It is worth noting that when
two or more components, denoted as w j, share the same
magnitude, they are adjusted simultaneously in this IMC
approach.

B. Dynamic Curriculum

Similar to PrefVeCS, the dynamic curriculum PrefVeCD
also produces an IMC by gradually adding the different reward
components according to their magnitudes. However, unlike
PrefVeCS, the rate at which the weight is increased for
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each component is not predefined. The SFs representation
facilitates the selection of the next preference vector (task)
by considering the discrepancy in the optimal actions for
each state. The motivation is to choose a minimally different
subsequent task such that the optimal actions would differ from
those of the previous task. This fosters substantial progress
towards the target task while maintaining a stable curriculum.
Formally, let πi be the policy corresponding to the ith task
(with preference vector wi). Given a discrepancy threshold ρ ,
our objective is to identify the subsequent preference vector
wi+1 such that it satisfies the following discrepancy measure:

Prs∼Dπi (Mi)(argmax
a∈A

Qwi+1
πi (s,a) ̸= argmax

a∈A
Qwi

πi (s,a)) = ρ (7)

where the probability pertains to the distribution of states,
contingent on the initial state distribution D0 and the transition
function T in Mi, as well as the policy πi. Using Eq. (4), we
can rewrite Eq. (7) as follows,

Prs∼Dπi (Mi)(argmax
a∈A

ψπi(s,a)⊤wi+1 ̸= argmax
a∈A

ψπi(s,a)⊤wi) = ρ

(8)
Assuming only the preference of the j-th reward components
differs between consecutive tasks, with the j-th reward compo-
nents’ magnitude increased by some value δ , we can establish
a relationship between ψπi(s,a)⊤wi+1 and ψπi(s,a)⊤wi as
follows:

ψ
πi(s,a)⊤wi+1 =

d

∑
k=1

ψ
πi(s,a)kwk

i+1

=
d

∑
k=1

ψ
πi(s,a)kwk

i +ψ
πi(s,a) j

δ

= ψ
πi(s,a)⊤wi +ψ

πi(s,a) j
δ (9)

Given a state s, let ao = argmaxψπi(s,a)⊤wi denote the
optimal action w.r.t. ψπi and wi. A discrepancy in the optimal
action w.r.t. wi and wi+1 would occur if, for some action
a′ ̸= ao, ψπi(s,a′)⊤wi+1 > ψπi(s,ao)

⊤wi+1. Based on Eq. (9),
this happens when:

ψ
πi(s,a′)⊤wi +ψ

πi(s,a′) j
δ > ψ

πi(s,ao)
⊤wi +ψ

πi(s,ao)
j
δ

Consequently, by isolating δ , we can compute the minimal
amount, denoted as δ ∗

s , by which the preference of the j-th
reward component needs to be incremented so that some action
a′ becomes better than ao:

δ
∗
s > min

a′ ̸=ao

ψπi(s,ao)
⊤wi −ψπi(s,a′)⊤wi

ψπi(s,a′) j −ψπi(s,ao) j (10)

Eq. (10) bounds the minimal adjustment to the preference
of the j-th reward component necessary to change the optimal
policy w.r.t. a specific state s. That is, choosing δ ≥ δ ∗

s en-
sures that argmax

a∈A
ψπi(s,a)⊤wi+1 ̸= argmax

a∈A
ψπi(s,a)⊤wi. Con-

sequently, in order to satisfy Eq. (8), we need to choose a value
δ so that the optimal action would change with probability ρ

when states are sampled from Dπ(Mi). Formally, we require
that Prs∼Dπi (Mi)(δ ≥ δ ∗

s ) = ρ . Since this equation cannot be
directly computed w.r.t. all states and actions in the state and
action spaces, we aim to approximate δ based on the trajec-
tories experienced by the agent. To achieve that, we sample

(a) Gridworld scenes (b) Intersection scene

(c) Merge scene

Fig. 1: Example scenarios from each environment. a: The
maps, with the red agent navigating to the blue box; the path
is painted green. b: The agent controls the green car, aiming
to turn left. c: The agent is in control of the blue car, with the
objective of merging smoothly into heavy traffic.

N states from the replay buffer and compute the right-hand
side of Eq. (10), denoted as Minδ ∗

s , for each sampled state s
(excluding cases where the denominator is zero). Then, we sort
the sampled states in ascending order based on their Minδ ∗

s
values, resulting in a list L = [Minδ ∗

s1
, . . . ,Minδ ∗

sN
]. Finally,

we choose δ = L[⌈ρ ·N⌉]+ε . L[⌈ρ ·N⌉] is the expected value
of the right-hand side of Eq. (10) at the ρ percentile of the
samples, and epsilon is a small value (we used 1e−3) serves
to ensure that the inequality is upheld . If w j

i+1 +δ > w j
T , i.e.,

the weight is pushed beyond the desired target weight, we set
w j

i+1 = w j
T , and move to the next reward component, j+1.

VI. IMPLEMENTING PREFVEC

The PrefVeC approach applies to various RL algorithms.
In our implementation (available on GitHub), we extend the
well-known Deep Q-Networks (DQN) algorithm [32]. DQN
employs a deep neural network to approximate the Q-value for
each possible action in a given state. In contrast, the models
used by the PrefVeC variants approximate the successor-
feature values (ψ) for each state-action pair. Similar to DQN,
we use a two-network structure: a main network with train-
able parameters θ and a target network ζ . Training involves
minimizing the temporal difference error (TD-error) between
these networks and θ values are copied to ζ periodically. Both
PrefVeCS and PrefVeCD employ separate identical models
for each task in M. Training takes place sequentially on the
tasks, with each task receiving a fraction of the training budget
equal to 1

n . The trajectories gathered during training are stored
in a modified version of the Prioritized Experience Replay
buffer (PER) [28]. PER is employed for non-uniform sampling
of trajectories to train the model. It prioritizes transitions based
on the magnitude of their temporal difference (TD) error,
which quantifies the difference between the predicted and
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target Q values. Given a stored transition τ = (st ,at ,st+1,r),
the TD error yields:

TD error(τ) = |(r+max
a′

Q(st+1,a′;ζ ) j)−Q(st ,at ;θ) j)| (11)

where Q(·;θ), Q(·;ζ ) are the main and target Q-values.
In our context, the TD error is defined w.r.t. SFs rather

than Q-values. A natural adaptation of Eq. (11) to SFs is to
represent the rewards and Q-values in terms of φ ,w, and ψ , in
accordance to Eq. (3) and Eq. (4). Given a stored transition τ =
(st ,at ,st+1,φ , i), collected on the i-th task in the curriculum,
the adapted TD-error is expressed as:

TD error(τ) = ∑
j

(∣∣∣∣((φ j +max
a′

ψ(st+1,a′;ζi)
j)−ψ(st ,at ;θi)

j) ·w j
i

∣∣∣∣) (12)

Here, ψ(st ,at ;θi) is the prediction of the i-th task main
model on the state st and the action at and ψ(st+1,a′;ζi) is
the prediction of the i-th task target model on the state st+1 and
the action a′. This adaptation ensures the preservation of the
significance of each component, as portrayed by the preference
vector w. To illustrate, consider the j-th reward component
pertaining to collision occurrence as carrying a substantial
weight in w. In such a scenario, any discrepancies in ψ(·;θi)

j

would be given higher priority compared to similar, or even
more pronounced, errors in less critical reward components.
Another possibility is to ignore the weight when assigning
preferences to transitions, and only considering the error in
the prediction:

TD error(τ) = ∑
j

(∣∣∣∣((φ j +max
a′

ψ(st+1,a′;ζi)
j)−ψ(st ,at ;θi)

j)

∣∣∣∣) (13)

We use Eq. (12) to adjust the sample priorities within PER.
This variant is denoted as wPER. In the subsequent section, we
conduct an ablation study comparing wPER with the second
PER variant, derived from Eq. (13), as outlined.

When transitioning to the next task in the sequence, we
copy the network weights to initialize the model, reset epsilon
decay, and clear the replay buffer.

VII. EMPIRICAL EVALUATION

We experimented on three environments to assess
PrefVeC’s performance in settings with highly imbalanced
reward functions. Our goal was to test whether a curriculum-
based approach can improve policy learning in the presence of
significant reward imbalances. We compare the two PrefVeC
variants with DQN across progressively complex environ-
ments. Additionally, our approach is benchmarked against two
contemporary RL algorithms, PPO [33] and SAC [34]. The
implementation of these algorithms is sourced from the RLLib
framework [35]. Furthermore, we extend the comparison to
include two well-established safe RL algorithms, CPO [36]
and P3O [37], leveraging their implementations from the
OmniSafe framework [38].

A. Experimental Setting

a) Environments: We evaluated PrefVeC in the follow-
ing three simulated environments, repeating each experiment
three times with varying seeds.

Gridworld: A 10x10 grid with a fixed goal position,
depicted in Fig.1a, where each grid cell is either safe (green)
or unsafe (white). In each instance, the agent (red) is spawned
at a random safe location and is tasked with reaching the
goal (blue) without ever entering the unsafe region. This
relatively simple environment serves as a foundational test-
bed for our hypothesis, intentionally avoiding complexities
inherent in more intricate environments. In every episode, the
agent randomly faces one of the two maps depicted in Fig. 1a.
The agent observes the map as a 10x10x3 image, where the
three channels correspond to the locations of the agent, the
path, and the goal. Feature functions are defined as φ 1 = 1
for collisions, φ 2 = 1 for goal attainment, and 0 otherwise,
and wT = [−1000,1]. For PrefVeCS, we used the following
predefined curriculum: w1

i ∈ {0, -2, -50, -100, -500, -1000},
where w2

i = 1 for all tasks.
Intersection: The intersection environment in our study

is based on the publicly available highway-env, with environ-
ment parameters adopted from a previous research study [39].
In this autonomous driving scenario depicted in Fig. 1b,
the EGO vehicle’s objective is to execute a left turn at an
intersection while navigating alongside 3 to 10 additional
agents within the environment. We employ a discrete action
space, allowing the EGO vehicle to choose between slowing
down, speeding up, or maintaining its current speed. The agent
observes the 15 closest vehicles, including the ego vehicle.
For each vehicle, the provided information includes the x-y
position, velocities, and heading (sine and cosine). The feature
functions for this environment are as follows: φ 1 = 1 if a
collision occurs (and zero otherwise), φ 2 is scaled between
0 and 1 based on the vehicle speed, and φ 3 = 1 if the EGO
vehicle successfully arrives at its destination, and zero other-
wise. Moreover, the preference vector is wT = [−1000,1,1].
PrefVeCS follows this preference vector curriculum: w1

i
sequentially takes on values of 0, -2, -50, -100, -500, and -
1000, while w2

i and w3
i are set to 1 throughout the curriculum.

Merge: In this environment (illustrated in Fig. 1c), we
simulate a scenario resembling a highway on-ramp merge
using the SUMO simulator [40]. In this setting, the EGO
agent is randomly spawned on a ramp and is assigned to
smoothly merge onto a highway through a single-lane on-
ramp. This on-ramp may already have uncooperative agents
present on the highway. As in the intersection environment,
agents have access to a set of discrete actions, allowing them
to choose between slowing down, speeding up, or maintaining
their current speed. The agent observes the relative x-y position
and speed of the nearest vehicle on each side. Additionally,
the agent knows the ego vehicle’s speed, the speed limit, and
its progress (expressed as a percentage of the road length).
The initial speed of the EGO vehicle is randomly set within
a range that allows the vehicle to decelerate and come to a
complete stop before reaching the merge point. The feature
functions in this environment are defined as follows: φ 1 = 1 if
a collision occurs (and zero otherwise), and φ 2 is determined
by the distance traveled (scaled by 0.001/m). The preference
vector of the target is wT = [−1000000,1] (as motivated in
[1]). For the curriculum, PrefVeCS considers the following
tasks: w1

i takes on sequential values of 0, -2, -50, -1000, -5000,
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(c) Merge

Fig. 2: Training plots on the different environments. Top: collision rates. Bottom: success rates.

and -1000000, and w2
i = 1 for all tasks.

b) Hyperparameters and Networks Architecture: All al-
gorithms use relatively simple 3-layer MLP models with
hidden layers of size 64-32-na (where na is the number of
actions in the environment). DQN utilize a Linear activation
function for the final layer, while PrefVeCS and PrefVeCD
use sigmoid for each ψ

πi
j .

In the intersection environment, we used the DQN im-
plementation from [39], and adapted the models used by
PrefVeCS and PrefVeCD models to align with the archi-
tecture employed in the DQN model. We employed the Adam
optimizer with a learning rate of 0.001 and harnessed PER
(wPER for PrefVeCS and PrefVeCD) with a buffer size of
500,000 samples and a γ of 0.99. The total training budgets
for each environment were 20,000 episodes for GridWorld,
90,000 for Intersection, and 300,000 for Merge. In addition,
we used a batch size of 128 and conducted 10 weight updates
after each episode. The target network weights were updated
every 10 network updates to facilitate stable training. Lastly,
PrefVeCD used ρ = 0.1 in all of the experiments.

B. Results

The experiment results are presented through plots for each
environment. In these plots, the x-axis represents the number
of training episodes, while the y-axis captures two key aspects:
the agent’s collision rate (first row) and the percentage of
task completion (second row). Solid lines depict the average
performance across the three runs, while the shaded area
represents the standard deviation.

a) Gridworld: The results for the Gridworld environment
are presented in Fig. 2a. The results show that all baselines

struggle to cope with the imbalanced reward, ultimately learn-
ing a degenerate policy where the agent almost always remains
idle. The exception is PPO, in which the agent has a roughly
50% successful completion rate after training. In stark contrast,
the PrefVeC variants successfully learn to always solve the
task thanks to the utilization of a curriculum. PrefVeCS and
PrefVeCD have the exact same collision rate (overlapping in
Fig. 2a) and a similar success rate. Notably, all agents manage
to learn to— almost—completely avoid collisions after ∼6000
episodes.

b) Intersection: The results for the Intersection environ-
ment are reported in Fig. 2b. In this scenario, we observe
trends akin to those in the GridWorld environment. With the
baselines only rarely completing the task, as they mostly
learn to remain stationary or avoid entering the intersec-
tion. Conversely, both iterations of the PrefVeC framework
demonstrate great performance, achieving success rates close
to 100% while keeping collision rates relatively low and com-
parable to the other algorithms. Among the PrefVeC variants,
PrefVeCD outperforms PrefVeCS in success rate, whereas
PrefVeCS displays a slightly lower collision rate. Further-
more, it’s worth noting that the dynamic variant, PrefVeCD,
demonstrates a higher degree of stability in its performance
improvement course throughout the training process when
compared to PrefVeCS.

C. Ablation Study and Analysis

a) Different Reward Weight Vectors: In Fig. 2c, we
performed an ablation study on the Merge environment, fo-
cusing on assessing the impact of different weight vectors.
To narrow down the scope of the evaluation to a manageable
number of algorithm configurations, we omitted baselines with
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Fig. 3: Training plots on the intersection environment for the ablation studies.

poor performance on prior tasks. Our focus was on DQN
as a natural baseline and PrefVeCD, the most successful
variant based on previous experiments. For this experiment,
we used three distinct collision penalties: −100, −1k, and
−1M. The results for both algorithms showed relatively similar
success rates and collision outcomes for the −100 and −1000
weights, while the −1M weights led to lower success rates and
reduced collision rates, aligning with expectations. Notably,
PrefVeCD consistently achieved significantly higher success
rates with either comparable or lower collision rates in both
cases. It’s worth mentioning that DQN achieved non-zero
rewards due to the initial speed of the EGO vehicle. In an
auxiliary experiment (omitted for brevity) where we fixed the
initial speed of the EGO to zero, DQN failed to complete
the task, while PrefVeCD maintained similar results. The
results also feature PrefVeCS with a collision penalty of
−1M. PrefVeCS exhibits inferior outcomes compared to
PrefVeCD with the same preference vector, displaying a
higher collision rate alongside a lower success rate.

b) PER Modification: Fig. 3 showcases an ablation study
conducted within the interaction domain. This study compares
wPER, derived from Eq. (12), with PER that disregards the
weighting of errors based on w, as derived from Eq. (13).
The findings underscore the importance of using w for the
scaling of transitions. Notably, PrefVeCD employing un-
weighted PER yields results akin to DQN concerning collision
and success rates. This outcome stems from the oversight
of error weighting, in which relatively minor errors related
to collisions are deprioritized, thus impeding their inclusion
in training samples, despite their significance. Consequently,
the models are updated during training without observing
sufficient collisions, hampering the agent’s ability to learn
collision handling. This conjecture finds support in the right
plot of Fig. 3, which illustrates the percentage of collisions
sampled in each training batch. While PrefVeCD employing
PER scarcely encounters collisions throughout training, its
counterpart utilizing wPER observes a growing number of
collisions, mirroring the escalating importance of collisions
within the preference vector for each task. Notably, the PER
employed by DQN, akin to wPER, inherently considers the
importance of collisions when assigning preferences through
the utilization of Q-values.

c) The Importance of Curriculum: This study compares
PrefVeCD (with wPER) to other reward decomposition ap-

proaches that do not use a curriculum. In particular, we
compare PrefVeCD to FastRL [10] equipped with wPER. 1

The results demonstrate a significant performance advantage
of PrefVeCD over FastRL, achieving markedly lower colli-
sion rates and substantially higher success rates. Importantly,
FastRL closely resembles PrefVeC when no curriculum is
applied (i.e., training solely on the target task). Therefore,
the substantial enhancement in results can be attributed to the
integration of curricula, introduced in our approach.

d) Resulting Curricula: The curricula automatically gen-
erated by PrefVeCD exhibit variation across domains and
even within different runs of the same domain. Notably, the
first task in each curriculum, by definition, ignores colli-
sions, while the last task utilizes the target reward vector,
representing the full penalty for collisions. In Gridworld, the
resulting curriculum consistently comprised three tasks for all
runs, with the collision penalty of the second task ranging
from −397 to −480. In the intersection domain, the curricula
contained between two and five tasks, with intermediate tasks
focusing on low-collision penalties (ranging from −0.5 to
−60). Similarly, in the merge environment, curricula com-
prised between two to five tasks, with intermediate tasks
emphasizing low-collision penalties (up to −2617 for the
scenario with a target reward function of −1M). Although we
have not explicitly experimented with different ρ values, the
performance difference between PrefVeCD and PrefVeCS
suggests that the approach is relatively insensitive to varied
ρ values. Both PrefVeCD and PrefVeCS yield distinct
curricula but maintain a significant performance advantage
over the baselines.

VIII. CONCLUSION, LIMITATIONS, AND DISCUSSION

In this work, we addressed the challenge of imbalanced
reward environments by introducing PrefVeC, a novel ap-
proach that integrates successor feature representation with
curriculum learning. We first introduced a straightforward
version of PrefVeC, denoted as PrefVeCS, and later devel-
oped PrefVeCD, an enhanced variant capable of dynamically
constructing a curriculum. Our implementation of PrefVeC
builds upon the DQN algorithm.

1In this setting, MaxPain [7] can be conceptualized as FastRL with slight
variations. This is achieved by utilizing a single policy with two SFs, one
corresponding to positive rewards and the other to negative rewards.
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We conducted extensive empirical evaluations across three
diverse environments, revealing that the standard DQN strug-
gles to adapt to imbalanced rewards, often leading to policies
where the agent fails to make meaningful progress. In contrast,
our PrefVeC variants demonstrated substantial enhancements
in handling reward imbalances, both with and without an
expert-provided curriculum. Notably, the PrefVeC approach,
while showing significant promise, does have limitations.
PrefVeC tackles reward imbalance by gradually considering
reward components. Since safety concerns are often associated
with high penalties, they are often ignored by PrefVeC at the
beginning of the training process. This approach is appropriate
when training is done using a simulator, but less suitable for
training in a physical environment. Consequently, synergizing
PrefVeC with Sim2Real approaches could enhance the trans-
ferability of policies trained in simulators to physical robots.
Another limitation arises in scenarios where taking no action
at all represents the optimal strategy, due to substantial reward
imbalances. In these cases, PrefVeC still biases learning
towards non-degenerate policies, prioritizing the acquisition
of autonomous behaviors even at the potential expense of
lower cumulative rewards. Additionally, there may be cases in
which learning an intermediate reward component interferes
with learning a more significant one. For example, this might
happen when both components involve the termination of the
episode. Addressing and mitigating these limitations remains
a subject for future research and investigation.
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