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Abstract

Multi-task reinforcement learning (MTRL) addresses key limitations of existing reinforcement learning
(RL) methods, notably in generalization and sample efficiency. However, managing multiple tasks
simultaneously remains a significant challenge. Various approaches, including curriculum learning, the
mixture of experts, and parameter-sharing strategies, have been explored to improve MTRL performance.
On the other hand, one of the recent research suggests that Simplicial Normalization (SimNorm), rather
than ReLU, is an effective activation function for modeling the objective function on single task RL. In
this paper, we investigate whether this claim extends to MTRL. We conducted experiments on two types
of agents—one using ReLU and the other using SimNorm—within the Meta-world environments,
comparing their total return and success rates. Our findings show that SimNorm appears to underperform

compared to ReLU in the MTRL environments.

1 Introduction

RL has made significant progress in recent years, largely due to
the integration of deep learning. Deep RL has enabled RL to
handle complex, high-dimensional tasks by leveraging deep
neural networks (DNNs) as function approximators. Despite
these successes, deep RL typically requires a substantial amount
of data and environment interaction, making it inefficient and
impractical for real-world applications where data collection is
expensive or time-consuming [1].

One of the key limitations of deep RL is its predominant focus

on single-task learning. Most existing methods train separate

policies for individual tasks, which not only limits the reusability
of learned knowledge but also results in suboptimal sample
efficiency when tackling a large number of tasks. To address
these issues, MTRL has been proposed as a solution. MTRL aims
to develop a single policy that can effectively handle multiple
tasks by sharing representations and parameters across related
tasks, improving both sample efficiency and generalization [2].
However, despite its potential, MTRL faces significant
challenges. As the number and diversity of tasks increase, issues
such as negative transfer and gradient conflicts arise, where
learning one task adversely affects the performance of others [3].

Additionally, it is challenging to determine what knowledge



should be shared between tasks and how to share it efficiently.
Recent approaches to MTRL have attempted to address these
problems through various kinds of techniques: curriculum
learning which learns tasks in the appropriate order to efficiently
extract information, mixture of experts which selects or mixes
expert agents, learning multiple tasks by adding losses from
different tasks, or partitioning parameters which are shared and
not. Other approaches are using generative models, such as
diffusion model [4, 5], or transformer model [6].

Recently, some studies have proposed that using SimNorm [7]
instead of ReLU may offer advantages. They argue that a
regularized model can help prevent suboptimal regions formed
by biased gradients, and SimNorm contributes to this
regularization [8]. We aim to evaluate whether SimNorm’s
smoothing of the objective can mitigate issues arising from
gradient conflict in MTRL. In our work, we apply this solution to
the current State-Of-The-Art (SOTA) MTRL model HarmoDT [6]
in Meta-World [9] environments, focusing on evaluating
suboptimality and success rates across different models. By
systematically benchmarking these models, we aim to either
validate or refute the efficacy of SimNorm in MTRL. Our
analysis will contribute to a deeper understanding of its potential

impact on improving model performance and generalization.
2 Preliminary
2.1 Multi-task Reinforcement Learning

In RL, the goal aims to learn a policymy(als) That maximizes
the expected cumulative discounted rewards in a Markov
Decision Process (MDP), defined by the tuple (S, 4, P, R, vy,
p). Here, S is the state space, A4 is the action space, P(s'| s, a)
denotes the environment dynamics, R: S X A — R is the reward
function, y € [0,1] is the discount factor, and p is the initial state
distribution. In an offline environment, a static dataset D =
{(s,a,s’,r)} is provided. Offline RL algorithms learn policies
exclusively from static datasets without the need for online
interactions. The cumulative discounted reward (Eq. 1) measures
the total expected reward that an agent can accumulate from a
given state, considering future rewards with a discount factor y

[8].
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In the MTRL setting, each task may have distinct reward
functions, state spaces, and transition dynamics. Given a specific
task T ~ p(T), the task specific MDP is represented as (ST,
AT, PT, RT, ]/T, ,DT)

2.2 Simplical Normalization
SimNorm(z) = [g1,-++, 1), g: = Softmax(z;,v)  (2)

SimNorm is the activation function dividing the latent space into
continuous vector partitions and applies the softmax function to
each partition, resulting in a probability distribution over the
latent factors within that partition (Eq. 2). It introduces an
approach to normalize latent representations by projecting them
onto fixed-dimensional simplices. This continuous relaxation
enables a smoother representation while inducing a degree of
The PWM results indicate that the SimNorm
activation function is an effective tool for enhancing the efficient

sparsity [7].
learning of environmental dynamics in the world model [8].
3 Experiment

3.1 SimNorm in Multi-Objective Toy Environment
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In this section, we experimentally demonstrate that using
SimNorm as an activation function may not yield optimal
performance in multi-objective optimization. To illustrate this,
we design a toy environment inspired by PWM. In PWM, a toy
environment is constructed as Eq. 4. They use a two-layer Multi-
Layer Perceptron (MLP) to approximate the objective function,
and then determine the launch angle 6, which minimizes the
objective as approximated by the MLP. In this environment g =
9.81 is the gravitational acceleration, h and w represent the
height of the wall and the distance from the launch point to the
wall, respectively, (x,, ¥,) denotes the launch point, v = 10 is
the launch velocity, and t = 2 is the time elapsed after the
projectile is fired. We extend the toy environment from PWM by
setting new objectives in Eq. 5 and Eq. 6. Eq. 5 represents an
environment where tasks with and without walls coexist, while
Eq. 6 represents an environment where both tasks involve walls.



Table 1. Comparison of optimality gap between ReLU and SimNorm.

Average optimality gap across 10 seeds.

Activation
function Opt. gap for Eq. 5 Opt. gap for Eq. 6
ReLU 0.43£0.20 1.524+0.79
SimNorm 1.71£0.41 4.131+0.67

To evaluate the smoothing effect of SimNorm in a multi-
objective setting, we train the MLP under the same conditions as
in PWM, using a model with two hidden layers and 32 neurons.
The MLP is trained with the Adam optimizer with learning rate
a = 2 X 1073, utilizing 1,000 uniform samples, a batch size of
50, and 100 epochs. SimNorm V is set to 8, as in PWM. Contrary
to the single-objective case, in the multi-objective scenario,
models using SimNorm exhibited a larger optimality gap
compared to those using ReLU, as shown in Table 1. This
suggests that SimNorm may not be as effective in optimization
tasks within a multi-objective framework.

3.2 SimNorm in Multi-Task Reinforcement Learning

In this section, we observed that using SimNorm does not
improve the performance of MTRL models. We conducted
experiments on the Meta-World benchmark. To investigate the
effect of SimNorm based on the number of tasks, MT50 (50
selected manipulation tasks) and MTS5 (5 selected tasks) datasets
are utilized. As a baseline model, we used HarmoDT-F, the SOTA
MTRL model in Meta-World. The models were trained using a
near-optimal dataset collected via SAC replay [10]. Performance
comparisons between the models using ReLU and SimNorm
were made by evaluating the averaged success rate across tasks.

5 tasks 50 tasks.

simnorm

Total Ret
<
Total Ret

Iteration (1e5)

Iteration (1e5)

5 tasks 50 tasks

Iteration (1e5) Iteration (1e5)

Figl. Displayed from left and right are the results (total return and
success rate) for 5 tasks and 50 tasks. Each rvesult is averaged over 3

different seeds. Each task is evaluated for 50 episodes.

Table2. Comparison of final success rate between ReLU and SimNorm.

Averaged over 3 different seeds.

Actlva.tlon 5 tasks 50 tasks
function
RelLU 81.33 +3.48 30.33 £ 3.47
SimNorm 78.67 + 3.28 24.53 + 3.61

As shown in Table 2, applying ReLU to HarmoDT-F yields a
higher final success rate compared to SimNorm, with
improvements of 2.66% in MTS5 and 5.8% in MT50. Additionally,
as illustrated in Fig. 1, the total return and success rate throughout
the training process are overall higher with ReLU than with
SimNorm. These findings empirically demonstrate that
smoothing the objective with SimNorm does not ensure higher

performance or faster convergence in MTRL.

4 Conclusion

In this study, we examined the effects of using ReLU versus
SimNorm as activation functions in the MTRL model. Through
evaluations conducted in both toy environments inspired by
PWM and in the Meta-World benchmark, we found that
SimNorm does not outperform ReLU in optimizing multi-
objective tasks. Our results indicate that objective smoothing, as
achieved through SimNorm, does not significantly enhance the
training efficiency or performance of the MTRL model. In future
research, we plan to explore alternative approaches to resolve
gradient conflicts as a potential pathway to improve the
performance of MTRL models.
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