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ABSTRACT

In many safety-critical decision-making problems, it can be diffi-
cult to manually tune the reward function to obtain an optimal
policy that behaves satisfactorily. Multi-objective reinforcement
learning (MORL) offers a way to address this issue by consider-
ing policies with different trade-offs on the Pareto Front, allowing
multiple policies to be represented and consequently selected af-
ter learning. However, the discovered policies are not guaranteed
to satisfy constraints. On the other hand, safe RL methods based
on Constrained Markov Decision Processes (CMDPs) explicitly
incorporate safety requirements into the optimization and can auto-
matically adjust constraint coefficients to ensure safety compliance.
Prior work has combined multi-objective reinforcement learning
with CMDP formulations to obtain sets of feasible policies under
fixed scalarizations. However, constraint guarantees are tied to sta-
tionary policies and do not generally extend to dynamic switching
between trade-offs during execution. To this end, we propose a
hierarchical maximum-entropy framework in which a meta-policy
outputs state-dependent, scalarization weights for a low-level con-
troller. Entropy regularization encourages wider distributions over
feasible trade-offs, while penalties from CMDP techniques restrict
the distributions to scalarizations that satisfy constraints. In this
preliminary work, we show that our method maintains high en-
tropy over scalarizations in non-critical states while collapsing
distributions over constraint-relevant reward dimensions in critical
regions, enabling the discovery of diverse yet feasible behaviors
within a CMDP.
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1 INTRODUCTION

In reinforcement learning, an agent seeks to maximize cumula-
tive reward, and its behavior at optimality is therefore entirely
determined by the reward function. Reward design thus becomes a
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difficult problem in complex tasks involving multiple, potentially
conflicting objectives and constraints. In such cases, the reward
function must carefully represent and balance trade-offs between
competing components and reliably produce behaviors that re-
spect the desired constraints. For example, in autonomous driv-
ing, constructing a reward that simultaneously captures safe driv-
ing, progress, traffic compliance, fuel efficiency, among various
other driving criteria remains a challenging problem [1, 16]. Small
changes in scalarization coefficients can lead to different behav-
iors at optimality, making manual tuning brittle and highly task-
dependent. Moreover, attempts to induce desired behavior through
reward shaping or increasingly complex reward functions can lead
agents to exploit loopholes in the designed objectives, producing
undesirable outcomes [3, 17].

An alternative to manual scalarization is multi-objective rein-
forcement learning (MORL) [8, 13, 19]. In MORL, rewards are mod-
eled as vectors and policies are evaluated with respect to multiple
objectives simultaneously. Different scalarization coefficients in-
duce different optimal policies, each reflecting a distinct trade-off
between reward components. The goal is typically to approximate
the Pareto front, representing the set of undominated policies cor-
responding to these trade-offs [18]. After training, policies can be
chosen based on the user’s preferences.

While MORL exposes trade-offs between objectives, it does not
by itself guarantee constraint satisfaction. One might attempt to
enforce safety by selecting a scalarization that heavily weights a
safety or penalty component, i.e., choosing policies on the Pareto
front with high value along the safety dimension. However, solving
scalarized MDPs with such scalarizations does not strictly guaran-
tee that the constraints will be satisfied [23]. This motivates Safe
RL formulations based on Constrained Markov Decision Processes
(CMDPs), which treat safety-related reward dimensions as con-
straints [2, 11]. CMDP methods aim to optimize the primary task
objectives subject to constraints on the cost dimensions. A popular
solution approach is to use Lagrangian primal-dual optimization,
which reformulates the constrained problem as a min-max inter-
action: the policy seeks to maximize the task-related objective,
while Lagrange multipliers increase penalties on safety-related cost
dimensions whenever constraints are violated [6, 24].



Prior work has combined MORL and CMDPs to obtain sets of fea-
sible policies under fixed scalarizations [10, 14]. However, feasibility
guarantees in CMDPs apply to stationary policies evaluated un-
der their induced state visitation distributions. If one dynamically
switches between scalarizations during execution—for example,
prioritizing progress in open space but safety near obstacles—the
resulting policy may reach states that were rarely or never visited
under a given scalarization. In such states, constraint satisfaction
is not guaranteed, since feasibility was established only under the
original visitation distribution. Conversely, enforcing feasibility for
each scalarization over the entire trajectory may discard trade-offs
that are unsafe globally but safe in specific regions of the state
space.

In this work, we propose a hierarchical framework in which a sto-
chastic meta-policy outputs state-dependent scalarization weights
for a low-level controller. Instead of learning separate feasible poli-
cies for fixed trade-offs, we learn a state-dependent distribution
over scalarizations that is directly influenced by constraint penalties.
This allows preferences to change during execution while maintain-
ing safety. Similar to the Option Keyboard [4, 5], scalarizations are
treated as abstract actions. Using a maximum-entropy formulation
[26], the meta-policy is encouraged to maintain a wide distribu-
tion over reward trade-offs, while constraint penalties restrict this
distribution to safety-respecting scalarizations. As a result, the
scalarization distribution remains broad in non-critical states and
narrows to those that respect constraints when safety becomes
critical.

We evaluate the proposed approach in a continuous-control nav-
igation environment using the Gymnasium Robotics framework
[7, 25]. The reward is decomposed into goal-reaching as the primary
task objective, obstacle collisions as a constrained cost dimension,
and progression and energy consumption as secondary objectives.
Our method is evaluated using both quantitative metrics and quali-
tative visualizations.

2 BACKGROUND

2.1 Multi-Objective Markov Decision Processes

A multi-objective Markov decision process (MOMDP) extends the
standard MDP by replacing the scalar reward with a vector-valued
reward function. Formally, an MOMDP is defined by a tuple M =
(S, A,P,1,11,y), where S is a state space, A an action space, P(- |
s, a) the transition dynamics, p an initial state distribution, y € [0, 1)
a discount factor, and r : S X A X S — RY a vector-valued reward
function with dimension d whose components represent distinct
objectives.
For a policy 7, the vector return is defined as

V' =E,

Z Y[r(st,An St+1)} s

t>0

which captures the discounted accumulation of each objective.

Since vector returns are only partially ordered, policies are typ-
ically compared through linear scalarizations. Given preference
weights w € RY, a scalar objective is defined as

]7[ (W) — WTV”,

and an optimal policy for a given w satisfies
7y € arg max wiV”.

Different weight vectors generally induce different optimal behav-
iors. Multi-objective reinforcement learning (MORL) [8, 19] tech-
niques aim to approximate the set of undominated policies, com-
monly referred to as the Pareto front. A policy & Pareto-dominates
'’ if

V = VT and VT2V,

where > denotes component-wise inequality. The Pareto front con-
sists of policies for which no other policy achieves strictly better
performance in at least one objective without degrading another.

2.2 Constrained Markov Decision Processes

A constrained Markov decision process (CMDP) augments the pri-
mary reward with cost signals and imposes constraints on their
expected discounted returns [2].
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where r; denotes the task reward and c; ; the i-th cost signal at time
t. The CMDP optimization problem is

max J(m) st J,(m)<b;, i=1....m,

where b; are user-specified thresholds. A common approach to
solving this constrained problem is Lagrangian primal-dual opti-
mization [6, 11]. Introducing non-negative multipliers A € R'?, the
Lagrangian is defined as

L A) = J(m) = 3 4ilJey () = bi).
i=1

The constrained problem is then reformulated as the saddle-point
problem

max min L(r, ),
T A20

where the policy seeks to maximize task return, while the multipli-
ers increase penalties when constraints are violated.

2.3 Maximum Entropy Reinforcement Learning

Maximum entropy reinforcement learning [12, 26] augments the
standard return-maximization objective with an entropy term en-
couraging stochastic policies while optimizing expected perfor-
mance:

maxE | 3y (r(se,a) + @M (x(- | 5))) | H = ~logn(- | s,

t=0

where & > 0 controls the trade-off between reward maximization
and entropy. In this work, the goal of entropy regularization is to
maintain a distribution over possible reward scalarizations under
constraints, rather than using it solely for exploration.



3 ALGORITHM

We consider a Markov decision process with vector-valued rewards
r(s,a,s’) € R, where each component r; corresponds to a distinct
objective. The reward vector includes both task-related objectives
and constraint-related costs. We denote by d, the number of task
dimensions and by d. the number of cost dimensions, with d, +d, =
d.

As previously discussed, feasibility and desirable trade-offs may
depend on the current state. To this end, we adopt a hierarchical
setup. Here, the high-level meta-policy determines, based on the
current state, which trade-off between objectives should govern
behavior until the next high-level decision. Its role is to select scalar-
ization vectors that induce feasible behaviors under the constraints
while promoting task performance. Consequently, the low-level
policy executes these decisions. It receives the scalarization speci-
fied by the high level and acts to realize the corresponding behavior
in the environment (Figure 1). Note that the low level is completely
blind with regards to the task objective or the constraints; it is
trained only to optimize the objective defined by the current scalar-
ization. This separation of roles assigns the high-level meta-policy
with learning what behaviors best satisfy the task and the con-
straints given the current state, and the low-level with learning
how to act to execute the desired behaviors.

3.1 The High-Level Meta-Policy

Meta-Policy Critic. The meta-policy is implemented using an
actor-critic off-policy formulation. We learn a vector-valued action-
value function vy, (s,z) € R9, parameterized by ¢p;, where the
scalarization vector z represents the high-level action given by
the actor wy. The critic is implemented as a single neural network
whose output dimension matches the reward dimension d. Each
output component estimates the expected discounted return of the
corresponding reward component when a fixed scalarization z is
selected. The critic treats all dimensions identically; the distinction
between indices related to task or cost is used only when forming
the actor objective.

When the high level selects z, the low-level policy executes for
K steps, after which a new scalarization is sampled from the high-
level actor. The critic therefore accounts for the accumulated reward
over the K-step interval and the discounted value at the next high-
level decision state. This corresponds to a semi-Markov decision
process (SMDP) backup over decision intervals [22]. High-level
transitions are collected as (s, z;, rgK), St+K> 0t), where rt(K) e R4
denotes the undiscounted accumulated reward vector over the K-
step interval and &; indicates termination within that interval. The
vector Bellman target is defined as

Ve =10 4 (1= 80V By (lsinic) Vs, Geeici 2D ], (1)

where ;. denotes a slowly updated target critic. The critic pa-
rameters are updated using a mean-squared error loss over vector
targets,

Leitic =E [”%&h,—(st,zt) - YtHz] . (2)

To mitigate overestimation bias, we employ standard double-
critic and target-network mechanisms commonly used in off-policy
actor—critic methods [9, 12].
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Figure 1: Hierarchical architecture with stochastic reward
scalarization. The meta-policy wy(z | s) samples a preference
vector (shown by stars) from its distributions z (shown by
blue bars) every K environment steps, which conditions the
low-level policy 7y, (a; | s:,2:) during execution. The low-
level policy interacts with the environment at every step,
while the meta-policy operates on a slower time scale

Meta-Policy Actor. The high-level actor wg(z | s) is an entropy-
regularized stochastic policy parameterized by 6. It outputs a con-
tinuous scalarization vector z € [0, 1]¢ conditioned on the current
state. At each decision interval of length K, a scalarization sampled
from this distribution is passed to the low-level policy (see Figure 1).

The high-level actor is trained to (i) maximize task performance
over the task-related reward components, (ii) maintain diversity
over scalarizations through entropy regularization, and (iii) satisfy
constraints over the cost-related components using Lagrange mul-
tipliers. Using the vector critic defined above, the scalar objective
is

Ja(s.2) = Wl (5.2) = AT (Ye(s.2) - b). )
where w,sx weights the task-related components of the critic out-
put, A are non-negative multipliers applied to the cost-related com-
ponents, and b denotes constraint thresholds. The optimization
problem is therefore :

minmax Eq o, [J1(52)] + « B [H(wo(-1sD]. (@)

Under entropy-regularized optimization, the optimal policy corre-
sponds to a Boltzmann distribution over the scalar objective,

wolz]s) o exp(éms, z)), )

where a controls the strength of entropy regularization. This form
highlights how the shape of Jj (s, z) determines the spread of the
distribution. If the objective varies smoothly across scalarizations in
a given state, differences in value remain small, and the exponential
weighting yields a broad distribution. Entropy regularization there-
fore promotes diversity whenever multiple scalarizations achieve
similar value. The Lagrange multipliers weight the cost-related com-
ponents of the critic output. When the critic predicts that certain



scalarizations incur substantially larger costs, the weighted penalty
term creates larger differences in J; (s, z). Through the exponen-
tial weighting, these differences are amplified, and thus entropy is
restricted in safety-critical states.

Lagrangian Multipliers Update. To solve the min-max problem
in Eq. 4, the Lagrange multipliers should be updated to increase
penalties when constraints are violated. Rather than performing
simple gradient ascent on the constraint violation [24], we adopt
the responsive PID update proposed by Stooke et al. [21], which
improves stability and responsiveness of the multipliers.

3.2 Low-Level Policy

The low-level policy 7y, (a | s,z) is conditioned on the scalariza-
tion z sampled from the meta-policy, z ~ wg(- | s). It is trained
using an off-policy continuous-control algorithm (TD3 [9] in our
implementation).

Low-Level Critic. The low-level critic is a vector-valued action-
value function
Vg, (s.2,a) € RY, (6)
where each output dimension corresponds to the expected dis-
counted return of one reward component under the low-level pol-
icy conditioned on z. For a given scalarization, a scalar value is
obtained via the dot product

2"y, (5.2, a). ()

Low-Level Actor. The low-level actor produces a deterministic
action a = g (s,z) conditioned on the current state and scalariza-
tion. It is trained to maximize the scalarized value induced by z.
Concretely, the actor update optimizes

néax IE';',[ZTI,&(/,10 (s, Z, a)], with a = 7o, (s,z), 8)
lo

which follows a deterministic actor—critic formulation, with the
scalarized dot product replacing the usual single-objective value.

Off-policy Preference Relabeling. Since a transition collected un-
der one scalarization vector remains informative for others, we ex-
ploit this to improve sample efficiency. Given a batch of transitions
(s¢, Ay, Tty St41, 2 ) sampled from the low-level replay buffer Dy, we
extend each transition by pairing it with additional scalarization
vectors. For every sampled transition, we retain the original tuple
(s¢, ag, 11, Sp4+1) and associate it with a set of vectors z that includes
the original z, as well as additional vectors sampled uniformly from
scalarizations stored in Dy .

For each Z, scalar rewards are computed as Z' r;, and the critics
and actor are updated using all resulting pairs. Training on both
the original preference that induced the transition and additional
off-policy scalarizations improves sample efficiency and encourages
the critics and policy to accurately learn the value associated with
each scalarization. The low-level controller thus acts as a universal
value function approximator [20] conditioned over scalarizations.

3.3 Environment Interaction Loop

The agent operates on two time scales. Every K environment steps,
the meta-policy samples a new preference vector z;, which is held
fixed while the low-level policy executes actions conditioned on

Algorithm 1: Hierarchical Training Loop

Input: Horizon K, replay buffers Dy, Dy,
Initialize wg, ¢¢hi’ Ty I//¢10
Initialize multipliers A > 0
for each episode do
Observe initial state s
while episode not terminated do
Sample z ~ wg(- | 5)
Sstart €— S, &) —o
fork=0to K —1do
Sample a ~ g, (- | 5,2)
Execute a, observe s’, r(s, a,s’), termination d
Store (s,z,a,1(s,a,"),s’,8) in Dy
Update low-level actor/critics from Dy,
r&) &) 4 r(s,a,s’)
s s
if d then
L break

Store (Sstart» 7,15 s, §) in Dy,
Update high-level critic from Dy,
Update high-level actor using Eq. (4)

Update multipliers A using PID Lagrangian [21]

z¢. The case K = 1 corresponds to fully reactive reweighting, while
larger K (we use K = 5) induces temporally extended behavioral
modes. Algorithm 1 summarizes the full interaction and training
loop.

3.4 Other Implementation Details

Jointly training the high-level and low-level policies introduces non-
stationarity, since changes in the low-level policy alter the transition
dynamics seen by the meta-policy as the low-level policy learns.
To mitigate this issue, we adopt a three-stage training procedure.

Stage 1 (Low-level warm-up). We first pre-train the low-level
policy independently of the meta-policy. During this phase, scalar-
izations z are sampled uniformly from [0, l]d, allowing the low-level
controller to experience diverse trade-offs across reward compo-
nents. This stage trains the low-level policy to approximate different
behaviors before introducing hierarchical optimization.

Stage 2 (Joint training). After warm-up, both levels are trained
simultaneously. Because the low-level policy has already learned
to respond to different scalarizations, subsequent updates are more
gradual, reducing instability in the high-level optimization. The
joint training also allows the low-level to further specialize in be-
haviors commonly chosen by the high-level. Note that constraints
are not yet applied at this stage of training.

Stage 3 (Constraints activation). The low-level policy is frozen
at the final stage, while training continues for the high-level meta-
policy. During this phase, constraints are activated and the Lagrange
multipliers begin to be updated, allowing the meta-policy to refine



the distribution over feasible scalarizations while employing a fixed
low-level controller.

4 EXPERIMENTS

We evaluate our method in POINTOBSTACLE, a continuous-control
goal-reaching environment with obstacles from Gymnasium Ro-
botics [7]. The agent controls a 2D point mass and must reach a
goal region while avoiding collisions. The reward is vector-valued,

’ 4
I'(S, a,s ) = [rgoala T'progresss Tenergys rcollision] € R%,

decomposing sparse goal rewards, progress toward the goal, energy
usage, and collision penalties. The state at time ¢ is given by

St = [xt: Y, X1, Ur, Agy, lidary, Alidﬁl‘t] eR’,

where (x;,y;) and (%, ;) denote the agent’s position and velocity
(4 dimensions), Ag; is the relative goal position (2 dimensions),
lidar, € R3? are distance readings from 32 lidar rays, and Alidar, €
R32 are their temporal changes. Including both lidar values and
their changes ensures the state representation remains Markovian.

For evaluation, we use a fixed task scalarization wy,g = [1, 0,0, 0],
corresponding to goal-reaching as the sole task objective. Under this
scalarization, progress and energy terms do not directly affect the
task return, and collision penalties are handled via constraint multi-
pliers. Any behavior that successfully reaches the goal is therefore
task-optimal, regardless of how it trades off speed of progress, en-
ergy expenditure, or safety margins. This setup intentionally creates
a setting in which multiple distinct behaviors can achieve compa-
rable task performance. In the absence of constraints, maximum-
entropy optimization would permit a wide range of scalarizations,
since the task objective is agnostic to secondary objectives and
safety considerations.

We pose the following two questions to evaluate whether our
method achieves the desired behavior. Q1: Does the stochastic
meta-policy satisfy constraints while maintaining entropy?
We measure episodic task return, collision-related constraint vio-
lations, and the differential entropy of the high-level policy dur-
ing training. Together, these metrics assess whether the learned
meta-policy maintains safety while preserving stochasticity over
trade-offs. Q2: Do the learned scalarizations adapt near safety-
critical states? We analyze how the meta-policy adapts scalariza-
tions in regions where obstacles are present. Specifically, we ex-
amine whether the scalarization distribution changes as the agent
approaches obstacles and becomes more flexible once it clears them.

The experimental setup is shown in Figure. 2. Start and goal
locations are sampled from both ends of a corridor. When the agent
reaches a goal, a new one is sampled on the other end. Episodes
last 1000 steps, during which the agent must reach as many goals
as possible while avoiding obstacles. Obstacles are concentrated
near the center and move slowly with Brownian motion.

This corridor configuration creates varying degrees of safety
risk for the agent. Since goals are placed at opposite ends, the agent
must traverse the obstacle cluster in the middle during each episode.
As it approaches and navigates through this region, careful collision
avoidance becomes necessary. Once the agent clears the obstacle-
dense center, the environment becomes low-risk again, allowing
greater flexibility in scalarization choices. This structure makes
the environment well suited for evaluating Q1 and Q2: constraints

Figure 2: Corridor configuration of PoINTOBSTACLE. The
agent (green) navigates toward goals (red) while avoiding
slowly moving obstacles (yellow). White crosses indicate pos-
sible start and goal locations.

must be satisfied throughout training (Q1), while the learned scalar-
izations should contract when passing through the obstacle cluster
and relax once the agent returns to safer regions (Q2).

4.1 Task Performance, Constraint Violations,
and Meta-Policy Entropy (Q1)

Undiscounted episodic task returns, collision costs, and the corre-
sponding meta-policy entropy during training are shown in Figure 3.
The constraint is defined over the undiscounted cumulative colli-
sion cost per episode. Each collision incurs a unit cost ¢ = 1, and
we impose a threshold b = 2 for the Lagrangian multiplier updates.
A reward of rgoa = 100 is given once the agent reaches a goal.

During Stage 1 (low-level warmup) and Stage 2 (joint training),
task return steadily improves, indicating that the hierarchical agent
learns reliable goal-directed behavior. Over the same period, colli-
sion costs fluctuate and spike frequently above the threshold, as no
constraint regularization is yet applied. The spikes are caused by
the agent acting recklessly in the obstacle zone and occasionally
incurring multiple collision costs.

When Stage 3 begins and constraint regularization becomes
active, collision cost decreases and stabilizes below the imposed
threshold. This transition is accompanied by a reduction in task
return, reflecting the expected trade-off between performance and
safety. Importantly, task performance does not completely collapse,
indicating that constraint enforcement introduces caution without
totally eliminating goal-directed behavior.

To address whether safety is achieved without collapsing behav-
ioral diversity, we examine the differential entropy of the high-level
meta-policy. To provide context for the reported entropy values,
we contrast the default setting, « = 2, with a lower coefficient,
a = 0.2. Both settings exhibit similarly high entropy at the onset
of Stage 2, as the high-level is still largely untrained and produces
near-uniform scalarizations. After constraint activation, the lower-
«a variant contracts more noticeably, whereas a = 2 retains higher
stochasticity throughout Stage 3 while still satisfying the collision
constraint. This suggests that stronger entropy regularization can
help limit collapse of the scalarization distribution under constraint
pressure in this setting.

Overall, these results support Q1: the hierarchical meta-policy
satisfies the smoothed episodic collision constraint while maintain-
ing stochasticity over scalarization weights. Constraint satisfaction
appears to arise through selective restriction of unsafe regions of
the distribution rather than deterministic convergence to a single
trade-off.
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Figure 3: Top: Undiscounted episodic task return. Middle:
Episodic collision cost (dashed line: threshold b = 2). Bottom:
Meta-policy differential entropy during training. Shaded re-
gions indicate min-max range across 3 runs.

4.2 Qualitative Analysis of Meta-Policy Under
Constraints (Q2)

To address Q2, we visualize how the meta-policy adapts scalariza-
tions in constraint-relevant states in Figure 4. The figure shows
representative scalarization distributions before and after interact-
ing with obstacle-dense regions.

As the agent approaches an obstacle, the meta-policy assigns
more concentrated weights to safety-relevant objectives, reduc-
ing variability in directions that would induce constraint viola-
tions. This reflects selective pruning of high-risk trade-offs rather
than uniform contraction across all objectives. Once the obstacle is
cleared and the agent re-enters safer regions, variability increases
and the distribution relaxes, allowing a broader set of trade-offs
to be expressed. Importantly, these adjustments are localized: the
meta-policy does not permanently collapse to a conservative scalar-
ization, but instead modulates its distribution according to the sur-
rounding state context. This behavior supports our interpretation
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Figure 4: Top: Before passing the obstacle, the meta-policy
places more importance on the scalarization corresponding
to collision. Right: After clearing the obstacle, scalarization
over the collision dimension decrease, indicating reduced
relevance of collision avoidance.

that constraint penalties shape the structure of the scalarization
distribution in a state-dependent manner, enabling near-stationary
trade-offs to be maintained where feasible and selectively restricted
where necessary.

5 CONCLUSION

We introduced a hierarchical maximum-entropy framework for con-
strained multi-objective reinforcement learning in which a stochas-
tic meta-policy generates state-dependent scalarization weights
for a low-level controller. Empirically, we showed that collision
constraints can be satisfied while preserving non-trivial entropy
over scalarizations, with distributions contracting in safety-critical
regions and relaxing in open space.

This preliminary study highlights several open challenges. While
our experiments suggest that locally adaptive adjustments can pre-
serve useful trade-offs, we also observe that the meta-policy can
behave partially as a corrective controller, highlighting the need to
formally distinguish stable trade-offs from continual correction. A
central open question is how to define feasibility when scalariza-
tions are allowed to change over time. In stationary constrained
MORL, scalarizations are either globally feasible or discarded, po-
tentially excluding trade-offs that are safe in most but not all states.

Future work will formalize what it means for a trade-off to be
“near-optimal” under constraints, including how much performance
it retains relative to fully feasible stationary policies and how fre-
quently the meta-policy must intervene to maintain safety. In par-
ticular, we aim to quantify whether a candidate scalarization can
remain fixed across extended time periods of an episode, requir-
ing only occasional meta-policy adjustments. We will compare the
feasible Pareto front under stationary constrained MORL with the
near-optimal trade-offs achievable under limited, state-dependent



switching in our framework, to assess whether controlled switch-
ing expands the set of safe trade-offs. In addition, we would like
to analyze simplified tabular settings to obtain theoretical insight
and validate the framework in safety benchmarks such as Safety
Gymnasium [15].

More broadly, our framework shifts the focus from requiring
scalarizations to be globally feasible at all times to allowing trade-
offs that are safe in most states and selectively restricted in critical
regions. By keeping scalarizations fixed where possible and inter-
vening only when necessary, this approach can enable a wider
range of feasible behaviors while reducing the need to carefully
hand-design reward coefficients to ensure safety.
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