
2) Trust Region Policy Optimization (TRPO) [42]: tries to
address the instability of PG by taking the largest possible
step that improves performance while explicitly constraining
how much the new policy � � can diverge from the old one
� � k . This “trust region” is enforced using the Kullback-Leibler
(KL) divergence. The theoretical TRPO update is a constrained
optimization problem:

� k+1 = arg max
�

L(�; � k ) s.t. �DKL (� || � k ) ≤  (6)

where  is the step size (the “size” of the trust region),
L(�; � k ) is the surrogate advantage:

L(�; � k ) = E
s;a�� � k

"
� � (a | s)
� � k (a | s)

A � � k (s; a)

#

; (7)

and �DKL (� || � k ) is the average KL-divergence between
policies, both computed using states visited and corresponding
actions sampled by the old policy. In practice, the authors solve
an approximate optimization problem derived from a Taylor
expansion of Eq. (6).

3) Proximal Policy Optimization (PPO) [44]: emerged as
an alternative that retains the stability of TRPO but with a
simpler, first-order optimization approach. PPO’s key insight
is to reformulate the objective function to penalize large policy
changes directly, rather than using a hard KL-divergence
constraint. PPO implements this via a clipped surrogate objec-
tive function. Specifically, the full objective comprises three
components. First, the clipped surrogate objective penalizes
large policy deviations. Defining the probability ratio r t (�) =
� � (ajs)

� � k (ajs) , this loss is given by: L CLIP
t (�) =

min
�

r t (�)A � � k (s; a); clip
�
r t (�); 1 − �; 1 + �

�
A � � k (s; a)

�
;

(8)
where � is a hyperparameter bounding the update. Second, a
value function loss L V F

t (�) = (V � (st ) − V target
t )2 ensures ac-

curate advantage estimation. Third, an entropy bonus S[� � ](st )
encourages exploration. The final parameters are updated by
maximizing the weighted combination of these terms:

� k+1 ; � k+1 = (9)

arg max
�;�

E
s;a�� � k

h
L CLIP

t (�) − c 1L V F
t (�) + c 2S[� � ](st )

i
;

where c1 and c2 are coefficients weighting the value error and
entropy bonus, respectively. See Appendix B for additional
details and pseudocode.

IV. POLICY OPTIMIZATION VIA
SMOOTH TCHEBYCHEFF ATTENTION

We address the challenge of learning Pareto-optimal poli-
cies in non-convex MORL domains, where standard linear
scalarization of the reward fails to recover solutions beyond
the convex hull. To resolve these complex trade-offs, we
integrate Smooth Tchebycheff (STCH) scalarization [27] into
an on-policy policy-gradient framework based on PPO [44].
Specifically, integrating STCH seeks to unlock the discovery

of non-convex solutions while improving the gradient stability
essential for deep RL.

Crucially, the STCH analytical derivative naturally functions
as a principled attention mechanism. This section establishes
the core mathematical integration of this insight. However,
relying on a static scalarization curvature risks gradient star-
vation and optimization collapse as the policy evolves. To
overcome this, Section V introduces a conflict-driven con-
troller to actively modulate the STCH smoothness. This addi-
tion completes the “adaptive” component of our framework,
culminating in our full proposed algorithm: PASTA.

A. Smooth Tchebycheff Scalarization

We consider m objectives with user-defined preference
weights w ∈ � m�1 , such that wi ≥ 0;

P
wi = 1. Classical

Tchebycheff scalarization minimizes the maximum weighted
deviation from an ideal (utopia) point z� . In RL, however,
optimization is naturally posed as a maximization problem.

We propose to do this by fixing the utopia point at z�
i =

� > 1. To ensure scale invariance and a stable reference point,
we also dynamically normalize raw returns Ri using running
estimates of the global minimum Rmin

i and maximum Rmax
i

observed during training: �r i = (R i −R min
i )=(Rmax

i −R min
i +�),

such that �r i ∈ [0; 1]. As a result, we can turn our MOP into a
SOP (scalarize) using STCH [27] in maximization form, with
respect to the normalized returns:

SSTCH(̄r) = −� log
mX

i=1

exp
�

wi (z �
i − �r i )
�

�
; (10)

where � > 0 is the smoothness parameter.
As � → 0, Eq. (10) converges to the classical (hard)

Tchebycheff operator. As � → ∞, it approaches the linear
weighted sum

P
i wi �r i . Importantly, � controls not only

bias–variance trade-offs but the curvature of the Pareto front
approximation and, consequently, the structure of the induced
gradients. See Appendix C for illustrations and further analysis
of STCH.

B. Smooth Tchebycheff Attention

A defining property of STCH is that its gradient induces a
normalized, positive weighting over objectives:

� i (̄r) ,
@SSTCH(̄r)

@�ri
=

exp(wi (z �
i − �r i )=�)

P
j exp

�
wj (z �

j − �r j )=�
� : (11)

These coefficients admit a precise interpretation:
� Objectives with larger weighted deviation from the utopia

point receive exponentially higher attention;
� � controls how sharply attention concentrates on the limiting

objective, i.e., the one with largest weighted deviation from
the utopia.
Crucially, δ is not a heuristic weighting. It is the exact

multiplier with which each objective contributes to the scalar-
ized gradient. This observation motivates our design choice,
described in the remaining of this text, to propagate STCH
attention consistently across policy and value updates.





Fig. 3: Performance on Stealth Visual Search and MuJoCo multi-objective environments. Results are aggregated across five seeds.

confirming the usefulness of relying on gradient projection.
In the Controller analysis, while the “No Conflict” variant
achieves a comparable HV to PASTA, our full method main-
tains a higher Win Rate (50:0%), suggesting that the conflict
signal contributes to robustness. Notably, removing the decay
schedule (“No Decay”) degrades performance the most, con-
firming that temporal convergence towards small smoothness
values (ideal to closely approximate standard TCH) is key and
can be achieved successfully with our controller. Regarding the
Critic, the results reveal a two-fold insight. First, architecture
plays a primary role: the “Branched” baselines significantly
outperform the “Shared” variants (0.277 vs 0:249 average
HV), confirming that distinct value heads are necessary to
decouple conflicting objective estimates. However, architecture
alone is insufficient; our proposed attention-weighted loss
provides the decisive advantage. Adding this weighting to
the branched architecture (PASTA) amplifies performance,
increasing the HV by 10:2% and boosting the DMP AUC to
0:957. This demonstrates that aligning the critic’s optimiza-
tion focus with the actor’s scalarization is just as critical as the
architectural separation. Finally, the Smoothness comparison
highlights the benefit of adaptivity. While PASTA matches the
average performance of the best fixed scalarization (� = 5:0),
the detailed breakdown in Appendix H4 reveals that the latter’s
success is skewed by specific outliers. In fact, as shown in Ta-
ble X, for some preference vectors, � = 5:0 yielded the worst
HV performance of all configurations. This underscores that
PASTA achieves high performance through robustness rather
than chance, effectively automating the otherwise extensive
and expensive search for the optimal trade-off surface without
the instability and uncertainty inherent to fixed parameters.

2) Sensitivity Analysis: Table III summarizes the sensitivity
of our algorithm to its three core hyperparameters. We find
that for all choices of hyperparameters our method still beats
all the baselines, speaking to its robustness. In general, we
see a distinct performance region for the Conflict Ratio (�),
indicating that values just below the midpoint of the range are
sufficient, while larger values remain viable but suboptimal.
For the Moving Average factor (�), we confirm that a stable,
slowly-updating memory of gradient conflict is preferred over
reactive signals. Finally, the Maintenance Rate (�), shows that
while the controller is robust to a wide range of values, a
minimum threshold is essential to prevent performance degra-
dation, which we hypothesize arises due to vanishing gradients
from STCH. See Appendix I for additional results, including

a study of the effect of the utopia point (z�
i ) selection.

TABLE II: Ablation Studies Results. Statistics computed over eight
preference vectors across five seeds.

Method Hypervolume " Win Rate " [%] Obj. Dom. Rate " [%] DMP AUC "

PCGrad

PASTA (Ours) 0.291 � 0.024 87.5 58.3 0.962
No PCGrad 0.187 � 0.065 0.0 12.5 0.598
Weighted PCGrad 0.270 � 0.019 12.5 29.2 0.914

Controller

PASTA (Ours) 0.291 � 0.024 50.0 41.7 0.935
No Conflict 0.295 � 0.023 37.5 33.3 0.944
No Decay 0.273 � 0.022 12.5 25.0 0.897

Critic

PASTA (Ours) 0.291 � 0.024 75.0 45.8 0.957
Branched Unweighted 0.264 � 0.019 25.0 20.8 0.895
Shared Unweighted 0.246 � 0.018 0.0 20.8 0.840
Shared Weighted 0.253 � 0.017 0.0 12.5 0.868

Smoothness

PASTA (Ours) 0.291 � 0.024 37.5 25.0 0.892
� = 0:01 0.276 � 0.007 0.0 4.2 0.858
� = 0:1 0.278 � 0.024 12.5 8.3 0.858
� = 0:5 0.280 � 0.029 0.0 8.3 0.861
� = 1:0 0.281 � 0.031 12.5 16.7 0.869
� = 5:0 0.290 � 0.026 37.5 29.2 0.893
� = 10:0 0.262 � 0.025 0.0 8.3 0.826

TABLE III: Sensitivity Analysis Results. Statistics computed over
eight preference vectors across five seeds.

Method Hypervolume " Win Rate " [%] Obj. Dom. Rate " [%] DMP AUC "

Conflict Ratio �

� = 0:4 (Ours) 0.291 � 0.024 50.0 37.5 0.929
� = 0:2 0.266 � 0.020 0.0 20.8 0.874
� = 0:6 0.276 � 0.019 37.5 16.7 0.901
� = 0:8 0.280 � 0.016 12.5 25.0 0.907

Moving Average �

� = 0:05 (Ours) 0.291 � 0.024 62.5 33.3 0.941
� = 0:2 0.265 � 0.026 25.0 29.2 0.881
� = 0:5 0.281 � 0.014 12.5 37.5 0.918

Maintenance Rate �

� = 0:15 (Ours) 0.291 � 0.024 25.0 29.2 0.898
� = 0:05 0.261 � 0.025 0.0 4.2 0.831
� = 0:3 0.276 � 0.024 12.5 16.7 0.860
� = 0:5 0.281 � 0.020 25.0 20.8 0.864
� = 0:8 0.291 � 0.024 37.5 29.2 0.900

D. Evaluation on MO-Gym Environments

To evaluate our method in additional settings, we pick
continuous high-dimensional environments that have been
used to assess on-policy algorithms’ performance in widely
used libraries like Stable Baselines 3 [38]. Specifically, we use
the multi-objective instantiations of MuJoCo’s Half Cheetah,
Humanoid, Ant and Walker 2D, available through MO-Gym
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