Under review as submission to TMLR

Sparsity-Driven Plasticity in Multi-Task Reinforcement Learn-
ing

Anonymous authors
Paper under double-blind review

Abstract

Plasticity loss, a diminishing capacity to adapt as training progresses, is a critical challenge
in deep reinforcement learning. We examine this issue in multi-task reinforcement learn-
ing (MTRL), where higher representational flexibility is crucial for managing diverse and
potentially conflicting task demands. This paper specifically explores gradual magnitude
pruning as a mechanism to enhance plasticity and consequently improve performance in
MTRL agents. We systematically evaluate this approach across distinct MTRL architectures,
including shared backbones with task-specific heads, Mixture of Experts (MoE), and Mixture
of Orthogonal Experts (MOORE) on standardized MiniGrid benchmarks, comparing against
dense baselines and alternative plasticity-inducing techniques. Our results demonstrate
that pruning effectively mitigates key indicators of plasticity degradation, such as neuron
dormancy and representational collapse. Consequently, these plasticity improvements from
pruning directly correlate with enhanced multi-task performance, with sparse agents of-
ten outperforming both dense counterparts and alternative methods designed to induce
plasticity. We further show that the benefits and specific dynamics induced by pruning
are architecture-dependent, offering insights into the interplay between plasticity, network
sparsity, and specific MTRL designs.

1 Introduction

Although deep reinforcement learning (DRL) agents have shown impressive results in a variety of applications
(Levine et al., 2016; Silver et al., |2017; Bellemare et al.l [2020; [Mathieu et al., 2023), these achievements
come with notable trade-offs. Attaining state-of-the-art performance often relies on large-scale computational
resources and heavily overparameterized models (Botvinick et al., [2019; |Glanois et al., 2022} [Thompson et al.,
2022)), which may lead to agents that either generalize poorly (Kirk et al., [2023) or struggle to adapt to
new tasks or data over time. The former issue is a topic of interest within the transfer learning literature
(Farebrother et al 2020; |Sabatelli & Geurts), 2021} |[Sasso et al.l 2023 |Zhu et al., [2023]), while the latter is
commonly referred to as plasticity loss (Nikishin et al., 2022; [Lyle et al., |2023; [Dohare et al.l [2024). Plasticity
loss manifests through several interconnected optimization pathologies: gradient interference leading to
premature convergence (Lyle et al., [2024a)), representational collapse, limiting the diversity of learned features
(Moalla et al.; |2024), and neuronal saturation or dormancy that reduces effective network capacity (Bjorck
et al., 2021} [Sokar et al., |2023). While these challenges have been primarily investigated within single-task
RL, (Nikishin et al., [2023; |Abbas et al., [2023; [Klein et al., |2024; Nauman et all [2024a; Dohare et al., [2024),
in this paper, we study them under the lens of multi-task reinforcement learning (MTRL), where maintaining
representational flexibility across diverse tasks with potentially conflicting demands is even more crucial
(Teh et al., |2017; |Sodhani et al., 2021; [D’Eramo et al., [2024)). It naturally follows that this increased need
for dynamic adaptation can make MTRL agents especially vulnerable to plasticity loss, as networks must
simultaneously accommodate varied objectives without experiencing negative task interference (Liu et al.|
2023). The necessity of determining which knowledge to share across tasks, and how to share it without
harmful interference, further complicates the learning process (Devin et al.l 2016]). Moreover, this challenge
can be even further exacerbated by inefficient use of network capacity (Kumar et al., 2021), with significant
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portions of large networks becoming underutilized during training, ultimately hindering the acquisition of a
universal policy capable of addressing multiple tasks concurrently.

Recent work in neural network pruning offers a promising direction beyond mere compression, showing that
sparse agents can match or exceed dense counterparts in single-task RL (Livne & Cohenl, [2020; |Graesser et al.,
2022; |(Obando-Ceron et al.,|2024). Notably, pruning has shown positive effects on both single-task performance
and plasticity (Obando-Ceron et al., |2024), suggesting it could address the optimization pathologies that
undermine effective multi-task learning. Nonetheless, its impact on MTRL, where representational flexibility
demands are significantly higher (Devin et all 2016]), remains largely unexplored.

This paper investigates whether gradual magnitude pruning enhances plasticity in MTRL agents, thereby
improving performance across multiple tasks simultaneously. We evaluate this on Proximal Policy Optimization
(PPO) (Schulman et al., |2017) agents with various multi-task architectures, including shared backbones with
task-specific heads (MTPPO), Mixture of Experts (MoE) (Ceron et al.l [2024)), and Mixture of Orthogonal
Experts (MOORE) (Hendawy et al., 2024)), using MiniGrid (Chevalier-Boisvert et al. |2023)), a collection of
partially observable environments with sparse reward. Our central aim is to understand if the benefits of
pruning can be primarily attributed to the mitigation of key plasticity loss indicators.

Our main contributions are threefold:

o We establish that gradual magnitude pruning, even at sparsity levels as high as 95%, serves as
an effective mechanism for mitigating key indicators of plasticity loss in MTRL, with the most
pronounced benefits observed in specific architectural configurations.

e We empirically show that pruning-induced plasticity improvements directly correlate with enhanced
multi-task performance, often outperforming both dense baselines and alternative methods specifically
designed to induce plasticity.

e We demonstrate that the effect of pruning on plasticity and performance is architecture-dependent,
revealing insights into when and why sparsity interventions can complement existing architectural
configurations for multi-task learning.

These findings highlight the potential role of network sparsity for developing adaptable and efficient RL
agents for complex, real-world scenarios demanding generalization, continuous learning, and resource efficiency
(Thompson et al.l [2022).

2 Background

This section provides the necessary context for our approach. We begin by outlining the mathematical
preliminaries underlying our framework, including key concepts and notations from reinforcement learning.
Subsequently, we review related work, focusing on recent advances in sparsity in deep reinforcement learning,
plasticity loss, and multi-task learning.

2.1 Preliminaries

We consider the Partially Observable Markov Decision Process (POMDP), defined by a tuple
(S, A, P,R,Q,0,7), consisting of a state space S, an action space A, transition dynamics P : S x A — A(S),
a reward function R : § X A — R, observation space €, observation probability function O : § x A — A(f),
and discount factor v € [0,1). At each timestep ¢, the agent is situated in the true state s; € S and performs
an action a; € A. This causes the agent to transition to a new state s;y1 € S, receiving an observation
ot41 € Q, and a reward riy; = R(st,a:). The objective is to learn a policy mg(at|o:) with parameters 6
that maximizes the expected sum of discounted future rewards J(6). In MTRL, the agent must learn a
policy for a distribution of tasks 7. We adopt the Block Contextual POMDP framework (Sodhani et al.
2021; Hendawy et al.l 2024)), defined as (C,S,.A, M’), where C represents the contextual space such that
¢ € C identifies a specific task 7 ~ 7. The mapping M’(c) provides the task-specific POMDP components
{Re, P, 8¢%,Q° 0° ~°}. The policy is now conditioned on the current observation o € Q¢ and task context
¢ € C. The objective is to maximize the expected return across all tasks E.7 [J-(0)].
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2.2 Related Work

Sparsity in Reinforcement Learning Recent work challenges the necessity of large, overparameterized
networks in DRL, showing that sparse networks can achieve comparable or superior performance
|Cohen| (2020); (Graesser et al|(2022). This suggests that standard DRL agents may not fully utilize their
capacity (Kumar et al. |2021) or may overfit to initial experiences (Nikishin et al., [2022)), hence benefiting
from sparsity. Neural network pruning can act as a regularizer (Jin et al., |2022), potentially yielding more
robust policies. Our work focuses on Dense-to-Sparse Training, where connections in an initially dense
network are gradually removed. This approach is motivated by the fact that gradual pruning schedules
have proven effective in RL (Obando-Ceron et all 2024} Graesser et all 2022), often matching
or exceeding more complex pruning methods (Gale et al., [2019).

Plasticity Loss Reinforcement learning’s inherent non-stationarity, arising from evolving policies and value
estimates, can lead to plasticity loss: a reduced capacity of the network to adapt to new information
et al 2022} [Dohare et al [2024). This can cause premature performance plateaus and instability
2021; Berariu et al., [2023; [Klein et all, [2024; [Lyle et al., [2024b). This non-stationarity in learning targets is
considered the primary driver, leading to challenging optimization landscapes (Dohare et al., 2022; Lyle et al.|
2023). Associated pathologies include gradient collinearity (Lyle et al., 2024a)), representational collapse
(Moalla et al.| 2024), and neuron saturation or dormancy (Bjorck et al., 2021} [Sokar et al., 2023). While
methods like network resets (Nikishin et al., [2022; 2023} [Sokar et al., 2023), regularization, or modifying
learning objectives (Farebrother et al., 2024) have been proposed, (Obando-Ceron et al. [2024) demonstrated
that gradual pruning outperformed various plasticity-inducing methods in single-task settings, aligning with
the view that general-purpose regularization might be more effective than methods explicitly designed to
combat plasticity loss (Klein et al.| 2024} Nauman et al., 2024a).

Multi-Task Reinforcement Learning MTRL aims to train agents on multiple tasks, facing the challenge
of balancing shared learning for positive transfer against task interference. Common multi-task strategies
include shared model parameters with task-specific components (Teh et al., 2017), modular architectures
(Yang et al, 2020), addressing varying reward scales (Hessel et al.l [2018)), compositional policies
2022), gradient projection techniques (Yu et al) 2020), and MoE models (Ceron et all 2024), often with
modifications such as attention-based (Cheng et al. |2023)) or orthogonalized (Hendawy et al.l |2024) experts.
Unlike in some domains, simply scaling up model size in MTRL does not guarantee better performance and
can be detrimental (Hansen et al., 2023} |Ceron et al., [2024; Nauman et al., [2024b)). While pruning enhances
single-task plasticity and performance, and is complementary to scaling (Obando-Ceron et al.| [2024)), its role
in MTRL is not yet systematically explored.

3 Experimental Setup

Our experiments compare the effects of different pruning levels against dense baselines and alternative
plasticity-enhancing methods (ReDo (Sokar et all [2023), Reset (Nikishin et al., [2022)), and Weight Decay
applied to the dense agent) across three multi-task architectures, specifically MTPPO, MoE
2024)), and MOORE (Hendawy et al.,[2024). Unless otherwise specified, we report the normalized interquantile
mean (IQM) of the episode return from 30 trials. To ensure fair comparison across tasks with inherently
different reward scales, raw episodic returns are normalized with respect to the maximum achievable reward in
each environment (see Appendix . Shaded regions indicate 95% stratified bootstrap confidence intervals,
calculated using the rliable library (Agarwal et al. [2021).

Environment and Benchmarks We consider the three multi-task MiniGrid (Chevalier-Boisvert et al.l
2023) benchmarks proposed by Hendawy et al.|(2024) — MT3, MT5, and MT7. All environment details are
outlined in Appendix

Implementation and Training We use the Proximal Policy Optimization (PPO) algorithm (Schulman et al.|
via the mushroom_rl library (D’Eramo et al/ 2021) and the code provided by [Hendawy et al.| (2024])
for multi-task architectures. We outline training details and hyperparameters in Appendix [A] Performance
is measured by the episodic return across all tasks within the respective benchmark. Tasks are sampled
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randomly with replacement at the beginning of each episode during training. Agents are evaluated every
2000 steps throughout training for 25 episodes per task. All code is publicly availableﬂ

Pruning Procedure Following the procedure described by |[Zhu & Gupta| (2017) and its application in
single-task RL (Graesser et al., |2022; [Obando-Ceron et al., 2024), we progressively increase the network’s
sparsity level p; from 0 to a final target sparsity pp over a predefined range of training timesteps [tstart, tend]-
The sparsity p; at timestep ¢ is defined by:

0 ift < tstart»
3
pr = pr [1 - (1 - %) ] if tstart <t < tend,
PF if ¢ > tepng-

Every 500 timesteps during training, we mask (set to zero) network parameters with the smallest magnitudes.
We determine the number of parameters to be masked so that the p; sparsity goal is reached. Pruning starts
after 5% and ends at 80% of the total training timesteps for each benchmark. We note that we chose to work
with unstructured pruning as achieving a speed-up in inference is not the main goal of our work, therefore,
making this approach more suitable over its structured version (Hoefler et al.l [2021)).

Plasticity Measures We monitor three metrics during training, interpreted as correlative indicators of
plasticity based on recent surveys and analyses (Berariu et al. 2023} [Lyle et al.||2023; |Klein et al.,|2024; |Falzari
& Sabatelli, |2025), namely dormant neuron percentage, effective rank, and the trace of the Fisher Information
Matrix. The computation of these metrics is detailed in Appendix [C] Our analysis focuses on observing
consistent patterns between pruning interventions, changes in these metrics, and MTRL performance, rather
than claiming direct causality.

4 Results

This section details our empirical findings, beginning with the impact of gradual pruning on multi-task
performance, followed by an analysis of its effects on plasticity indicators, and concluding with a comparison
against alternative plasticity-inducing methods. All performance comparisons refer to the aggregated final
outcomes presented in Table[l] Plasticity metric analyses are primarily illustrated using the MT3 benchmark,
as trends were generally consistent across other benchmarks unless otherwise stated. Detailed learning curves
and plasticity metrics are available in Appendix [D] and Appendix [E] respectively.

4.1 Gradual Magnitude Pruning Improves Task Performance

Our findings indicate that gradual magnitude pruning generally leads to improvements in multi-task perfor-
mance, an observation consistent with a significant body of research in supervised learning, where appropriately
pruned sparse networks have been shown to match, outperform, and generalize better than their dense
counterparts (Guo et al., 2019; Morcos et al.; 2019; [Hoefler et al.,|2021)). In our multi-task settings, the extent
of these benefits from pruning varies with the underlying agent architecture and desired sparsity level.

For MTPPO and MoE architectures, pruning consistently resulted in improved final aggregate returns
compared to their respective dense baselines across all tested benchmarks (MT3, MT5, MT7), as shown in
Table [I} Higher sparsity levels often yielded the most substantial performance gains in these configurations,
suggesting that these common MTRL architectures frequently contain considerable overparameterization
that pruning can effectively address. This hints at a direct link between pruning intervention and improved
MTRL outcomes.

In contrast, the impact of pruning on MOORE was more nuanced and dependent on benchmark-specific
network configurations. On the MT3 benchmark, pruned agents, which had narrower networks, exhibited a
decline in performance compared to the dense baseline, characterized by a rank collapse (see Section .
On the MT5 and MT7 benchmarks, which feature wider actor and critic networks, pruned agents achieved

1The source code used in this study will be made publicly available upon publication.
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performance comparable to the dense baseline, without substantial gains, with rank collapse observed in the
99% sparsity configuration. Nonetheless, even though the performance differences were negligible on those
benchmarks, the ability to prune to high levels of sparsity (up to 95%) still indicates that even sophisticated
architectures are significantly overparameterized.

Table 1: Final aggregate performance at epoch 100 across architectures and agent treatments on MT3, MT5,
and MT7 benchmarks. marks the best performance within the respective multi-task architecture and
benchmark, while blue marks an improvement over the dense counterpart of each. Full learning curves
illustrating training progression are available in Appendix

MT3 MT5 MT7
Agent Treatment IQM (1) 95% CI IQM (1) 95% CI IQM (1) 95% CI
Multi-Task PPO (MTPPO)

Dense 057  (0.50,0.65) 059  (0.51,0.66)  0.62  (0.56, 0.67)
80% Sparsity 0.58 (0.50, 0.65) 0.66 (0.61, 0.71) 0.64 (0.59, 0.70)
95% Sparsity 0.61  (0.55,0.66)  0.64  (0.60, 0.69) (0.66, 0.75)
99% Sparsity (0.57,0.66)  0.68  (0.61,0.73)  0.67  (0.62, 0.72)
ReDo 057  (0.53,0.60)  0.68  (0.62,0.73)  0.68  (0.64, 0.73)
Reset 0.56  (0.51, 0.60) (0.67,0.74)  0.69  (0.65, 0.73)
Weight Decay 0.55 (0.49, 0.62) 0.55 (0.48, 0.61) 0.64 (0.58, 0.70)
Mizture of Experts (MoE)
Dense 0.70  (0.63,0.74) 074  (0.69,0.79)  0.70  (0.65,0.75)
80% Sparsity 0.60  (0.63,0.73) 074  (0.69,0.80)  0.68  (0.63,0.73)
95% Sparsity (0.66, 0.73) (0.70,0.83)  0.74  (0.72, 0.77)
99% Sparsity 0.60  (0.57,0.64) 071  (0.63,0.76)  0.74  (0.69, 0.79)
ReDo 0.67  (0.64,0.70) 072 (0.67, 0.78) (0.74, 0.80)
Reset 0.61 (0.54, 0.67) 0.70 (0.66, 0.73) 0.70 (0.66, 0.74)
Weight Decay (0.64,0.76)  0.72  (0.67,0.78)  0.71  (0.67, 0.75)
Mixture of Orthogonal Ezperts (MOORE)
Dense (0.67,0.77) 081  (0.76,0.85)  0.81  (0.76, 0.84)
80% Sparsity 0.54  (0.47,058) 081  (0.76,0.83)  0.80  (0.77, 0.83)
95% Sparsity 047  (0.44,052)  0.82 (078, 0.84) (0.79, 0.86)
99% Sparsity 0.47 (0.42, 0.53) 0.69 (0.64, 0.73) 0.70 (0.68, 0.72)
ReDo 0.67 (0.62, 0.70) 0.79 (0.75, 0.81) (0.80, 0.84)
Reset 0.58  (0.53,0.66) 0.2  (0.66,0.76)  0.75  (0.71,0.79)
Weight Decay (0.70, 0.77) (0.79,0.85)  0.78  (0.74, 0.82)

4.2 Pruning Mitigates Plasticity Loss

The observed performance improvements, particularly within the MTPPO and MoE architectures, strongly
correlate with pruning’s mitigation of common indicators of plasticity loss, while displaying distinct learning
dynamics. Notably, Figure[l|shows that MTPPO and MoE agents pruned to high levels of sparsity maintained
substantially lower percentages of dormant neurons, particularly within the actor network components, and a
maintenance of higher mean effective rank in representations compared to dense counterparts. Furthermore,
the trace of the Fisher Information Matrix (FIM) in pruned agents typically stabilized at lower values
post-initial learning, unlike the persistently high trace in dense agents, suggesting convergence to less sensitive
parameter configurations in the later stages of training. Collectively, these observations regarding plasticity
indicators support the hypothesis that gradual magnitude pruning enhances the learning capability of MTRL
agents, plausibly through the mitigation of processes associated with plasticity degradation in dense networks.
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While plasticity improvements were observed in MTPPO and MoE agents, the effect in MOORE was less
pronounced and benchmark-specific, a trend consistent with the varied performance as detailed in Section
On the MT3 benchmark, the performance degradation in pruned MOORE agents was highly correlated with a
deterioration in plasticity metrics, characterized by a sudden drop in the mean effective rank and a significant
increase in the FIM, and the percentage of dormant neurons both in the actor and critic components. This
implies that aggressive pruning in MOORE may have removed parameters vital for maintaining distinct expert
representations. Conversely, on the MT5 and MT7 (see Appendix [E] Figure |§| and Figure |7]) benchmarks,
plasticity metrics did not show significant changes compared to the dense baseline and sometimes even
degraded, with rank collapse being observed in the 99% sparsity configuration. This suggests that MOORE’s
inherent design, particularly its emphasis on representation orthogonalization, may already address some
aspects of plasticity, which we showed to be influenced by pruning. Consequently, dense MOORE agents
already exhibited stable plasticity characteristics, highlighting that the utility of pruning as a plasticity
enhancer is highly dependent on the specific mechanisms within the network architecture.
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Figure 1: Gradual magnitude pruning positively influences plasticity markers in MTPPO and MoE architec-
tures in MT3. Increasing sparsity (especially 95-99%) generally correlates with a lower Fisher Trace peak,
sustained or recovered Effective Rank, and notably reduced Actor Dormancy compared to Dense baselines.
In contrast, MOORE shows distinct dynamics, with pruning leading to plasticity degradation (e.g., rank
collapse and increased FIM trace), aligning with its performance on this benchmark.

4.3 Pruning versus Alternative Plasticity-Inducing Methods

Our investigation reveals that gradual magnitude pruning frequently provides a more effective path to
enhanced MTRL performance, correlating with distinct and consistent patterns in terms of plasticity when
compared to established plasticity-inducing interventions like ReDo, Reset, and Weight Decay.

In terms of task performance, pruned agents, particularly MTPPO and MoE architectures, generally achieved
better or comparable final returns to those employing alternative methods (Table |1)). This aligns with the
broader observation in deep learning that general regularization techniques can outperform methods aimed at
specific symptoms of suboptimal learning (Nauman et al., [2024a; Klein et al, 2024). For MOORE agents,
while some alternatives occasionally led to slightly higher performance (Weight Decay on MT5; ReDo on
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MT7), these differences were generally small, similar to the modest improvements observed with pruning
on these benchmarks for MOORE. This further suggests MOORE’s architecture inherently addresses some
optimization challenges, making additional interventions less impactful compared to MTPPO and MoE.

Examining the plasticity profiles, illustrated in Figure [2| all methods exhibited distinct dynamics. For
instance, Reset, by its nature, tended to introduce instability in plasticity markers like the FIM and mean
effective rank, particularly post-reset, consistent with previous work (Falzari & Sabatelli, [2025)). Notably, even
when ReDo consistently reduced the percentage of dormant neurons to very low levels across all architectures,
this often did not inherently translate to superior task performance, suggesting that pruning addresses
more comprehensive underlying optimization issues rather than isolated pathologies. Weight decay, as a
modification to optimizer dynamics, typically resulted in plasticity profiles and performance that were largely
similar to the dense baseline.

Overall, these comparisons indicate that pruning, by simultaneously addressing plasticity loss and optimizing
network capacity, often provides a more robust and effective means of enhancing MTRL agent performance
than alternative methods that may target plasticity through more isolated mechanisms.
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Figure 2: Comparative plasticity dynamics of 95% Sparsity Pruning versus alternative interventions in MT3.
For MTPPO and MoE, ReDo achieves notably lower neuron dormancy and often a higher mean effective rank
than 95% pruning. Pruning, in contrast, offers a distinct profile that correlates strongly with performance
improvements, differing from the oscillations induced by Reset or the minimal impact of Weight Decay relative
to the Dense baseline. For MOORE, 95% pruning degrades plasticity compared to its relatively stable dense
baseline; other interventions show less detrimental effects.

5 Considerations of Pruning Efficacy

While this study is primarily empirical, the observed benefits of gradual magnitude pruning in MTRL can
be interpreted through several established concepts from the sparsity, optimization, and multi-task learning
literature.

Optimization Perspective Gradual magnitude pruning, through its iterative removal of low-magnitude
weights, effectively guides the network towards sparse solutions. This mechanism can generally be viewed
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as Lo regularization, which encourages sparsity by penalizing the number of non-zero parameters (Louizos
et al.l |2018]). Such regularization, along with direct pruning, reduces the model’s degrees of freedom, which
can confine the optimization process to lower-dimensional subspaces where optimizers might not be able to
navigate around landscape obstacles that would otherwise be circumventable with more dimensions (Gao &
Jojic, 2016; [Hoefler et al., 2021). Despite this, achieving sparse solutions is often associated with residing in
"flatter" minima of the loss landscape (Pestel |2023; |Shah et al., [2024). Flatter minima are a topic of interest
as they are characterized by lower sensitivity to parameter perturbations (Foret et al., 2021} [Lee et al.l 2025)
and are widely believed to result in better generalization and robustness to distribution shifts (Hochreiter
& Schmidhuber} 1997} Jiang et al. 2019; [Kaddour et all 2023} |[Li et al., [2024), the associated primary
driver of plasticity loss. The convergence to such local flat minima is often indicated by specific dynamics in
the curvature of the loss — for instance, the maximal Hessian eigenvalue typically grows, peaks, and then
declines during training (Fort & Ganguli, 2019). Aligning with this, our empirical results for MTPPO and
MoE agents showed that the Fisher trace, a proxy for curvature (Lewandowski et all [2024)), exhibited a
similar peak-and-decline pattern for the 95% and 99% sparsity configurations. This observation suggests that
our pruned agents reached flatter local minima, consequently contributing to their improved performance.
Nonetheless, an excessive reduction in degrees of freedom through aggressive pruning could also make it
challenging to satisfy specific architectural demands, such as maintaining expert orthogonality in models like
MOORE, particularly if the network’s capacity becomes too constrained to adequately represent the required
orthogonal subspaces.

Sparsity and Generalization Within supervised learning, sparse networks have been recognized for their
reduced tendency to overfit, better handling of noisy data, and often generalizing better to their dense
counterparts (Gopalakrishnan et al., 2018; |(Cosentino et al.l [2019; |Guo et all, |2019; |Liu et al., 2019; Liul
2020). The iterative nature of the pruning schedule employed in this study, proposed by [Zhu & Gupta, (2017)),
has been noted for its effectiveness in supervised learning, often outperforming more sophisticated pruning
methods (Gale et al., [2019; |Graesser et al.|2022). In general, iterative pruning schemes are thought to help
models evade suboptimal local minima that standard optimizers might otherwise converge to (Jin et al.l [2016;
Hoefler et al., |2021)), principles with which our empirical findings align. Moreover, the success of pruning
strategies in models, including shared backbones and task-specific heads in multi-task learning, is analogous
to the findings reported by Xiang et al.|(2024). They, similarly to us, demonstrate the effectiveness of pruning
schedules that implicitly adapt the sparsity distribution during training, followed by periods of continued
training or fine-tuning, leading to enhanced learning outcomes.

6 Discussion and Conclusion

This work investigated gradual magnitude pruning as a means to mitigate plasticity loss and enhance
performance in multi-task reinforcement learning (MTRL), building on successes in single-task RL (Graesser
et al., 2022; |Obando-Ceron et al., |2024]). Our findings demonstrate pruning as an effective mechanism against
plasticity degradation, improving MTRL agents across certain architectures. Pruned agents showed improved
plasticity profiles (e.g., reduced dormancy, increased representation diversity, stable dynamics) and often
outperformed dense baselines and other plasticity-focused methods. This aligns with the bitter lesson of
plasticity (Nauman et al.| |2024a} Klein et al.,|2024), favoring general mechanisms impacting learning dynamics
and resource use over methods targeting specific symptoms and effects of plasticity loss. Nonetheless, benefits
were architecture-dependent: Multi-Task Proximal Policy Optimization and Mixture of Experts agents
consistently benefited, while the impact on Mixture of Orthogonal Experts architectures was more variable
and dependent on network capacity. This finding suggests that pruning is not a one-size-fits-all solution but
rather a tool whose application requires consideration depending on the intrinsic properties of the network.

The findings in this study also naturally define several exciting directions for future research. Our evaluation
on the MiniGrid benchmarks (Chevalier-Boisvert et al., |2023) proposed [Hendawy et al.| (2024)), chosen for
efficient experimentation, could be complemented by validation in more complex domains like Meta-World (Yu
et al., [2021) to assess scalability. The current focus on gradual magnitude pruning also invites investigations
into the array of sparsity techniques and their potential within MTRL. Alongside empirical extensions,
developing a robust theoretical framework to precisely explain the interactions between sparsity, plasticity,
and overall benefits in reinforcement learning would be invaluable. Finally, exploring whether pruning-induced
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sparsity can enhance the interpretability of internal representations and decision-making processes, similar to
benefits observed in other machine learning domains, presents another compelling research direction.

In conclusion, this paper provides empirical evidence that gradual magnitude pruning is an effective and
architecture-sensitive technique for enhancing plasticity and improving overall performance in multi-task
reinforcement learning. By mitigating common indicators of plasticity loss and promoting more efficient use
of network capacity, pruning offers a robust approach to developing more adaptable MTRL systems. Our
findings underscore the significant potential of network sparsity as a more general-purpose tool in the RL
toolkit. This research opens the way for future investigations into more sophisticated sparsity methods and
applications to more complex multi-task challenges, ultimately contributing to the creation of skilled, efficient,
and potentially more understandable agents.
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A Hyperparameters

This appendix details the hyperparameters used for the experimental evaluations presented in this study.
Table [2| provides a list covering the general experimental settings, architecture of the used networks, and
specific hyperparameters used for MoE and MOORE. All architectures are multi-headed, with task-specific
heads. Hyperparameters were largely adopted from |Hendawy et al.| (2024)), with the only modification being
in the number of evaluation episodes per task.

B Environment Details

This appendix provides details on the MiniGrid (Chevalier-Boisvert et al., 2023) environments used in our
multi-task benchmarks. We use standard environments from the MiniGrid suite, which are designed to
test various capabilities such as navigation, memory, and problem-solving in partially observable grid-world
settings with sparse reward.

B.1 Composition

Our experiments use three multi-task benchmarks — MT3, MT5, and MT7, as proposed by [Hendawy et al.
(2024)), composed as follows:

e MT3: LavaGapS7-v0 + RedBlueDoors-6x6-v0 + MemoryS11-v0
e MT5: MT3 + DoorKey-6x6-vO + DistShift1-vO

e MTT7: MT5 + SimpleCrossingS9N2 + MultiRoom-N2-S4

B.2 Descriptions

Below are descriptions for each unique environment used in the benchmarks, adapted from |[Chevalier-Boisvert,
et al.| (2023]). In all environments S specifies the size of the map SxS.

o DoorKey-6x6-v0: The agent must pick up a key, navigate to a locked door, and open it to reach a
goal square.

e DistShift1-v0: The agent starts in the top-left corner and must reach the goal, which is in the
top-right corner, but has to avoid stepping into lava on its way. Stepping into lava terminates the
episode.

e RedBlueDoors-6x6-v0: The agent is in a room with two doors, one red and one blue. The agent
has to open the red door and then open the blue door, in that order.

e MemoryS11-vO: The agent starts in a small room where it sees an object. It then has to go through
a narrow hallway, which ends in a split. At each end of the split, there is an object, one of which is
the same as the object in the starting room. The agent has to remember the initial object and go to
the matching object at the split.

e SimpleCrossingS9N2-vO: The agent has to reach the green goal square on the other corner of the
room while avoiding walls. Walls run across the room either horizontally or vertically, and have N
crossing points which can be safely used; the path to the goal is guaranteed to exist.

e MultiRoom-N2-S4-v0: This environment has a series of connected rooms with doors that must be
opened to get to the next room. The final room has the green goal square that the agent must get to.
N specifies the number of rooms.

o LavaGapS7-v0: The agent has to reach the green goal square at the opposite corner of the room,
and must pass through a narrow gap in a vertical strip of deadly lava. Touching the lava terminates
the episode with a zero reward.
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Table 2: Core experimental setup, agent architecture, and algorithm hyperparameters. The choice for
hyperparameters is largely borrowed from [Hendawy et al. (2024), while following their exact training
configuration (except number of evaluation episodes).

Hyperparameter Value
General:
Number of environments [3, 5, 7]
Steps per environment 1 step per environment
Number of epochs 100
Steps per epoch 2000
Total number of timesteps 200000
Train frequency 2000 timesteps
Evaluation episodes 25 per task

Evaluation frequency

2000 timesteps

Shared Feature Extractor:

Type
Channels per Layer
Kernel Size

Conv2D
[16, 32, 64]
[(2,2), (2,2), (2,2)]

Activations [ReLU, ReLU, Tanh]
PPO:

Optimizer Adam (]Kingma & Ba|7 |2017D
Critic Loss MSE

Actor Learning Rate 1x1073

Critic Learning Rate 1x1073

Critic Network Hidden Size 128

Actor Network Hidden Size 128

Number of Linear Layers
Number of Output Units
Output Activations

2 x |T| (number of tasks)
|A| for actor, 1 for critic
[Tanh, Linear]

GAE X 0.95
Entropy Term Coefficient 0.01
Clipping € 0.2
Epochs for Policy 8
Epochs for Critic 1
Batch Size for Policy 256
Batch Size for Critic 2000
Discount Factor () 0.99
Task Encoder (for MoE/MOORE):

k Experts [2, 3, 4]
Encoder Linear Layers 1
Encoder Output Units k (number of experts)
Encoder Use Bias False
Encoder Activation Linear
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B.3 Reward Normalization

To ensure fair comparison across tasks with inherently different reward scales, raw episodic returns are
normalized with respect to the maximum achievable reward in each environment. The standard MiniGrid
reward for successful task completion is calculated as

1—0.9 x (steps_taken/max_episode_steps),

while failure results in a score of 0. We further normalize this score by performing a Min-Max scaling
with respect to the maximum performance obtainable in each environment. We use the default maximum
timesteps of each environment and estimate how many steps an optimal agent can solve the environment.
This normalization procedure scales the performance such that a score of 1.0 represents achieving the
optimal (shortest path) solution, facilitating comparisons of learning efficacy across environments with varying
complexities and step horizons and addressing reward scales. Table [3] presents the optimal steps, maximum
allowed steps, and the maximum achievable reward used for the score normalization of each environment.

Table 3: Environment-specific parameters for reward normalization. This table lists the optimal number of
steps to solve each task, the maximum default permissible steps per episode, and the resulting maximum
achievable raw reward score (used as the max score for normalization).

Environment Name Optimal Steps Max Steps Achievable Reward

DoorKey-6x6-v0 11 360 0.9725
DistShift1-vO0 11 252 0.9607
RedBlueDoors-6x6-v0 8 720 0.9900
LavaGapS7-vO0 8 196 0.9633
MemoryS11-vO0 15 605 0.9777
SimpleCrossingS9N2-vO0 15 324 0.9583
MultiRoom-N2-S4-v0 5 40 0.8875

C Plasticity Metrics Implementation

This appendix details the methodology and interpretation of the plasticity metrics used in this work, serving
as correlative indicators of an agent’s learning capacity and adaptability. The computation of activations
and gradients for these metrics relies on sampling from a plasticity replay buffer of training observations to
approximate expected values via sample means. Hyperparameters specific to these calculations are detailed
in Table @l

C.1 Neuron Dormancy

We adapt the dormant neuron formalization from [Sokar et al.| (2023). A neuron’s activity is assessed relative
to other (non-masked) neurons in the same layer. Given an input distribution D (approximated by the
plasticity replay buffer) and an activation hl(x) of a neuron i in layer [ with H' neurons under input = € D,
the normalized activation is

sl — EreD\hé(gﬂﬂ

i Hl :
1 2k=1 Eae Ry (2)]

Neuron i is called 7-dormant for some threshold 7 > 0 if st < 7. If H. denotes the number of dormant
neurons per layer, then the dormancy ratio 5, is the ratio of dormant neurons and all neurons across all
layers in the network L,; except the final Loyt

5 — 2 te L\ {Low} Hr

a EleLall\{LOut} H
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A high percentage of dormant neurons suggests significant underutilization of the network’s capacity, potentially
hindering its ability to learn complex functions or adapt to new data, a key aspect of plasticity.

C.2 Trace of the Fisher Information Matrix

The Fisher Information Matrix (FIM) F quantifies the sensitivity of a model’s output (e.g., the policy) to
changes in the parameters . For a policy , its Fisher trace is given by

Tr(F) = Eq ar [ Vo logm(als)|3] .

The trace of the FIM can be viewed as a measure of the policy’s sensitivity to parameter perturbations.
A very high or persistently increasing trace might indicate that the policy is in a "sharp" region of the
loss landscape, making it brittle to small changes and potentially indicative of overfitting or optimization
instability. Conversely, a lower, stabilized trace, as observed in our pruned agents (see Section [4.2)), can
suggest convergence to "flatter" minima, implying a more robust policy that is less sensitive to parameter
variations and more capable of sustained learning or adaptation.

C.3 Effective Rank

For a feature matrix ® (e.g., a shared feature extractor) with d singular values o; sorted descendingly, the
effective rank at tolerance 4 is

k
sranks(®) = mkin{zjfi_laz >1 5}.

i=19i

The effective rank measures the dimensionality of the space spanned by the features. A low effective rank
suggests a representation collapse, where learned features are highly correlated and less diverse, limiting a
network’s ability to represent various information. Conversely, a high effective rank implies a richer, more
diverse set of feature representations, implying a greater capacity to learn and distinguish between inputs.
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Table 4: Configuration details for gradual magnitude pruning and the alternative plasticity-enhancing methods
(ReDo, Reset, and Weight Decay) evaluated.

Hyperparameter Value

Gradual Magnitude Pruning:

Desired Sparsity pr [0%, 80%, 95%, 99%)
Pruning Frequency 500 timesteps
Pruning start interval tgpar¢ 0.05x number of timesteps
Pruning end interval tcnq 0.80x number of timesteps
Sparsity p; at timestep ¢ PF [1 — (1 — M)S}
Prune Bias False

Pruned Layers [Conv2D, Linear]
Plasticity:

Plasticity Buffer Max Size 100000

ReDo (Sokar et al.l |2023) Frequency 5000 timesteps
Dormant Neuron Threshold 0.01

Dormant Activation Batch Size 1024

Fisher Trace Batch Size 1024

Effective Rank Batch Size 1024

Effective Rank Target Shared Feature Extractor
Reset (Nikishin et all 2022) at timestep [60000, 120000]
Reset (Nikishin et al., |2022) Target Layers Output

Weight Decay Coefficient 1x1073

D Detailed Learning Curves

This appendix presents the complete learning curves for all agent configurations. These curves complement
the aggregated final performance data analyzed in Table[l] In the subsequent figures:

o Figure [3|illustrates the normalized aggregate returns for agents under different pruning levels (Dense,
80%, 95%, 99% sparsity) across the MT3, MT5, and MT7 benchmarks for each of the three multi-task
architectures: Multi-Task PPO (MTPPO), Mixture of Experts (MoE), and Mixture of Orthogonal
Experts (MOORE).

o Figure 4] displays the corresponding learning curves comparing 95% sparsity pruning with alternative
plasticity-inducing interventions (ReDo, Reset, and Weight Decay) on the same benchmarks and
architectures.

The horizontal dashed line indicates the aggregated performance of single-task PPO agents. Each of the ST
PPO agents was trained separately on a single environment from the respective benchmark for the full 200000
timesteps (the same total duration as the multi-task agents) across 30 runs. Consequently, this ST PPO
performance should be viewed as a potentially near-maximal reference point from a single-task perspective,
as multi-task agents faced the more challenging scenario of learning all tasks within a benchmark concurrently
using the same total number of timesteps.
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Figure 3: Learning curves comparing performance under various pruning levels across benchmarks and
architectures. Normalized aggregate IQM is shown for MTPPO, MoE, and MOORE agents on the MT3,
MT5, and MT7 benchmarks. Each plot compares Dense agents with those pruned to 80%, 95%, and 99%
sparsity. The dashed horizontal line denotes the aggregated performance of single-task PPO agents trained for
the full 200000 timesteps on each respective task, serving as the maximal achievable single-agent performance.
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Figure 4: Learning curves comparing pruning with alternative plasticity-inducing intervention strategies.
Normalized aggregate IQM for MTPPO, MoE, and MOORE agents on the MT3, MT5, and MT7 benchmarks.
These plots compare the performance of Dense agents, agents with 95% sparsity pruning, and agents
employing alternative methods: ReDo, Reset, and Weight Decay (WD). The dashed horizontal line denotes
the aggregated performance of single-task PPO agents trained for the full 200000 timesteps on each respective
task, serving the as maximal achievable single-agent performance.
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E Detailed Plasticity Metrics
This appendix provides the detailed plasticity metric evolutions, complementing our analyses in Section [£.2]

o Figure[f] Figure[6] and Figure [7] show the plasticity dynamics of all architectures under varying levels
of gradual magnitude pruning Dense, 80%, 95%, and 99% sparsity), shown for the MT3, MT5, and
MT7 benchmarks, respectively.

o Figure |8 Figure E[, and Figure [L0| compare the effects on plasticity of the dense and 95% sparsity
agents against alternative intervention (ReDo, Reset, WD), across MT3, MT5, and MT7, respectively.
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Figure 5: Gradual magnitude pruning positively influences plasticity markers in MTPPO and MoE architec-
tures in MT3. Increasing sparsity (especially 95-99%) generally correlates with a lower Fisher Trace peak,
sustained or recovered Effective Rank, and notably reduced Actor Dormancy compared to Dense baselines.
In contrast, MOORE shows distinct dynamics, with pruning leading to plasticity degradation (e.g., rank
collapse and increased FIM trace), aligning with its performance on this benchmark.
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Figure 6: Plasticity dynamics under various pruning levels in MT5. MTPPO and MokE largely replicate the
beneficial plasticity trends observed in MT3 with increasing sparsity (e.g., controlled FIM trace, reduced
dormancy). For MOORE, unlike MT3, moderate pruning (80-95%) maintains plasticity markers comparable
(or slightly degraded) to its Dense counterpart, while very high sparsity (99%) can still induce degradation

like rank collapse.
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Figure 7: Impact of sparsity on plasticity metrics in MT7. Consistent with the two other benchmarks, pruning
benefits plasticity in MTPPO and MoE. Similar to MT5, MOORE continues to show similar or slightly
degraded plasticity measures from moderate pruning on this wider-network benchmark, with 99% sparsity
experiencing rank collapse.
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Figure 8: Comparative plasticity dynamics of 95% Sparsity Pruning versus alternative interventions in MT3.
For MTPPO and MoE, ReDo achieves notably lower neuron dormancy and often a higher mean effective rank
than 95% pruning. Pruning, in contrast, offers a distinct profile that correlates strongly with performance
improvements, differing from the oscillations induced by Reset or the minimal impact of Weight Decay relative
to the Dense baseline. For MOORE, 95% pruning degrades plasticity compared to its relatively stable dense
baseline; other interventions show less detrimental effects.
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Figure 9: Plasticity profiles under different intervention strategies in MT5. ReDo generally leads to lower
neuron dormancy and can exhibit a higher effective rank than 95% Sparsity Pruning. Reset’s interventions
continue to cause visible fluctuations. For MOORE, the dense baseline exhibits considerable stability; 95%
pruning and Weight Decay generally maintain or slightly modify these stable characteristics without the
pronounced broad enhancements or degradations seen in other architectures under various interventions.
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Figure 10: Plasticity profiles under different intervention strategies in MT7, largely similar to the ones
observed in MT5. ReDo generally leads to lower neuron dormancy and can exhibit a higher effective rank
than 95% Sparsity Pruning. Reset’s interventions continue to cause visible fluctuations. For MOORE, the
dense baseline exhibits considerable stability; 95% pruning and Weight Decay generally maintain or slightly
modify these stable characteristics without the pronounced broad enhancements or degradations seen in other
architectures under various interventions.
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