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Summary
Continual reinforcement learning (RL) concerns agents that are expected to learn continu-

ally, rather than converge to a policy that is then fixed for evaluation. This setting is well-suited
to environments that the agent perceives as changing over time, rendering any static policy inef-
fective. In continual RL, researchers often simulate such changes either by modifying episodic
environments to incorporate task shifts during interaction or by designing simulators that ex-
plicitly model continual dynamics. However, transforming episodic problems into continual
ones primarily captures scenarios involving abrupt changes in the data stream and still relies on
episodic structure. Meanwhile, the few simulators explicitly designed for empirical continual
RL research are often limited in scope or complexity. In this paper, we introduce AgarCL, a
research platform for continual RL that enables agents to progress toward increasingly sophis-
ticated behaviour. AgarCL is based on the game Agar.io, a non-episodic, high-dimensional
problem with stochastic, ever-evolving dynamics, continuous actions, and partial observability.
The contribution(s) box below describes our main empirical contributions in more detail.

Contribution(s)
1. We introduce AgarCL, a non-episodic, high-dimensional reinforcement learning (RL) envi-

ronment based on the game Agar.io with non-stationary dynamics and a hybrid action space.
Context: GOBIGGER (Zhang et al., 2023) is the only existing Agar.io-based platform, but
it was designed for episodic multi-agent RL. Earlier work explored Agar-style games in
much simpler settings (Ansó et al., 2019; Wiehe et al., 2018). AgarCL is much faster than
alternative platforms, has different observation streams, and is well-suited to continual RL.

2. We introduce a suite of diagnostic mini-games in AgarCL that isolate specific challenges.
Context: Mini-games allow us to focus on specific challenges posed by AgarCL and to
benchmark agents with respect to the particular skill a mini-game requires. They enable
faster scientific iteration and may be viewed as intermediate steps toward an effective agent.

3. In one setting where agents are able to learn to maximize their return, we show that the
performance of a deployed fixed policy degrades over time in AgarCL.
Context: The policies learned by PPO, our best-performing agent, that were checkpointed
at 32M and 48M steps, collapse over time when deployed in AgarCL. We see such a
collapse in more challenging settings with more non-stationarity, not in the easier settings.

4. We evaluate DQN, PPO, and SAC on the full-game setting and across all the mini-games.
We also evaluated PPO with GRUs, Continual Backprop, ReDo, and Shrink & Perturb, and
we observed that they were also unable to achieve strong performance in AgarCL.
Context: We considered multiple settings, and the different combinations were evaluated
in specific settings. We generally report the performance over 10 independent runs after hy-
perparameter tuning (when appropriate). These results are intended to characterize the dif-
ficulty of the environment rather than to establish state-of-the-art algorithmic performance.
Results for the continual learning baselines were obtained with standard hyperparameters.
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Abstract
Continual reinforcement learning (RL) concerns agents that are expected to learn con-
tinually, rather than converge to a policy that is then fixed for evaluation. This setting is
well-suited to environments that the agent perceives as changing over time, rendering
any static policy ineffective. In continual RL, researchers often simulate such changes
either by modifying episodic environments to incorporate task shifts during interaction
or by designing simulators that explicitly model continual dynamics. However, trans-
forming episodic problems into continual ones primarily captures scenarios involving
abrupt changes in the data stream and still relies on episodic structure. Meanwhile, the
few simulators explicitly designed for empirical continual RL research are often limited
in scope or complexity. In this paper, we introduce AgarCL, a research platform
for continual RL that enables agents to progress toward increasingly sophisticated
behaviour. AgarCL is based on the game Agar.io, a non-episodic, high-dimensional
problem with stochastic, ever-evolving dynamics, continuous actions, and partial
observability. We provide benchmark results for DQN, PPO, and SAC on the primary
continual RL challenge, as well as across a suite of smaller tasks within AgarCL.
These smaller tasks isolate aspects of the full environment and allow us to characterize
the distinct challenges posed by different components of the game. We further evaluate
three continual learning methods—Shrink and Perturb, ReDo, and Continual Backprop-
agation—and observe they are also unable to achieve strong performance, suggesting
that the challenges posed by AgarCL extend beyond the stability–plasticity dilemma.

1 Introduction

Continual reinforcement learning (RL) is the setting in which the agent is expected to learn continu-
ally, rather than converge to a policy that is subsequently fixed for evaluation or deployment. It can
be viewed either as a problem formulation (Khetarpal et al., 2022; Abel et al., 2023; Kumar et al.,
2025) or as a solution method for problems perceived by the agent as non-stationary. Such scenarios
are often motivated by the big world hypothesis, which posits that the world is “bigger” than the
agent (Javed & Sutton, 2024; Lewandowski et al., 2025). In this regime, continual adaptation is
more effective than committing to a static policy (Sutton et al., 2007; Janjua et al., 2024).

Much of the progress in RL has been driven by empirical advances, with experimental platforms
often shaping algorithmic innovation and research directions. Consequently, evaluation platforms
play a central role in determining what the field studies and how progress is measured (e.g., Todorov
et al., 2012; Bellemare et al., 2013; Beattie et al., 2016). In continual RL, most evaluation platforms
are adaptations of traditional RL benchmarks, modified to introduce non-stationarity and thereby
reflect the idea that the world is bigger than the agent. This is typically done by artificially switching
tasks during interaction (Powers et al., 2022; Abbas et al., 2023; Anand & Precup, 2023; Tomilin
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Figure 1: Agent–environment interface and main entities in AgarCL. The agent receives either
pixel-based or symbolic observations. The pixel-based input consists of four channels representing
pellets, bots, viruses, and the agent itself, while the symbolic alternative provides pre-processed
features such as distances to nearby entities. The reward is defined as the change in the agent’s
mass between consecutive time steps. The action space is hybrid: at each step, the agent selects a
continuous hx; yi coordinate (analogous to mouse control) and chooses whether to move, split, or
eject mass. Section 3 provides further details on the entities, dynamics, and action definitions.

et al., 2023), or, less commonly, by designing new environments specifically for continual RL that
abandon episodic structure altogether (Platanios et al., 2020).

However, both approaches have limitations. Reusing existing environments—particularly complex
simulators—is appealing, yet introducing non-stationarity via hand-crafted task switches that are
disconnected from the agent’s behaviour primarily models exogenous, abrupt regime shifts. Al-
though such shifts occur in practice, many real-world environments evolve gradually and contin-
uously through interaction. This endogenous, interaction-driven non-stationarity remains compar-
atively underexplored in continual RL benchmarks. Designing environments specifically for con-
tinual RL is promising, but existing instantiations often remain limited in complexity or scope.
Our work takes a complementary direction: we retain the non-episodic structure of purpose-built
environments while introducing rich, evolving stochastic dynamics, continuous control, partial ob-
servability, resource-driven competition, and progressively increasing behavioural demands within
a spatially structured world.

Concretely, we introduce a new evaluation platform based on the game Agar.io (Figure 1), which we
call AgarCL. The platform was designed explicitly to support continual RL research. In this envi-
ronment, the agent controls circular cells within a bounded, Petri dish–like arena and must accumu-
late mass in an ever-changing ecosystem of competing entities. Observations are high-dimensional
and pixel-based,1 and the action space combines continuous navigation—parameterized as hx; yi
movement—with discrete affordances such as splitting or ejecting mass. The reward is defined as
the change in the agent’s mass between consecutive time steps, so effective behaviour corresponds
to sustained growth over an indefinite horizon.

The dynamics of Agar.io make it particularly well suited to studying continual RL. The agent op-
erates in an ecosystem populated by other agents,2 competing for mass in a bounded arena. Agents

1Alternative symbolic observations, providing backward compatibility with related platforms (Zhang et al., 2023), are
also supported; see Section 3.

2In AgarCL, the behaviour of other agents is governed by hand-coded policies. Extending the platform to support
learning across multiple agents is a promising direction for future work.
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grow by collecting stationary food pellets or absorbing smaller cells, and to do so, they have to si-
multaneously avoid larger threats. At every time step, mass decays at a rate that increases with size,
creating sustained pressure to act. Crucially, beyond its potential never-ending nature and the com-
plexity induced by other agents' behaviours, the environment's dynamics change as a function of the
agent's mass. Larger agents move more slowly, and the observation space progressively zooms out
to keep the agent's body visible, altering the scale and distribution of perceptual input. As a result,
both the consequences of actions and the observation stream evolve continuously with the agent's
state. Although abrupt events also occur—such as absorbing another cell or splitting due to strategic
choice or viral interaction—the dominant form of non-stationarity is smooth and interaction-driven.
Figure 2 and a YouTube video3 depict some of the environment dynamics supported by AgarCL.

In this paper, we introduce AgarCL as both an evaluation platform and a challenge problem for con-
tinual RL. We evaluate three widely used RL algorithms—DQN (Mnih et al., 2015), PPO (Schulman
et al., 2017), and SAC (Haarnoja et al., 2018)—as well as three approaches explicitly designed for
continual learning: Shrink and Perturb (Ash & Adams, 2020), ReDo (Sokar et al., 2023), and Con-
tinual Backpropagation (Dohare et al., 2024). Despite their strong performance in many established
benchmarks, none of these methods achieves sustained competence in the full game. To better un-
derstand these failures, we introduce a suite of mini-games that isolate speci�c challenges embedded
in the full environment, including non-stationarity, exploration, and long-horizon credit assignment.
These controlled experiments reveal that the dif�culties in AgarCL cannot be attributed solely to
stability–plasticity trade-offs. Finally, our empirical study exposes persistent challenges in con-
tinual RL research, particularly regarding evaluation methodology and hyperparameter sensitivity,
suggesting that progress in the �eld depends not only on new algorithms but also on more robust
benchmarking practices.

2 Background

We adopt the standard RL formalism to describe the sequential decision-making problem posed by
AgarCL. Interactions occur at discrete time steps. The agent begins in a state S0 � �, where �
is a start-state distribution over S, but only observes !0 2 
, generated by an observation function
� : S ! 
. At each time step t, the agent selects an action At 2 A according to a (possibly
stochastic) policy � that depends on its observation history, and receives a reward Rt+1 2 R and
a new observation !t+1 . The agent's goal is to maximize some variant of the expected return, Gt ,
that is, of the expected total sum of rewards it receives. The most common variant is the discounted
return, G


t , in which later rewards are discounted by 0 � 
 < 1, such that G
t
:=

P 1
k=0 
 k Rt+k+1 .

Alternatively, one may consider the average-reward setting: G�r
t

:=
P 1

k=0

�
Rt+k+1 � r(�)

�
, where

r(�) := lim h!1
1
h

P h
t=1 E[Rt j! 0; A0:t�1 � �], with ! 0 denoting the initial observation.

The environment evolves according to a transition function p : S � A ! P(S), where P(S) de-
notes the set of probability measures over the state space. In MDPs (Puterman, 2014), observations
coincide with states. However, AgarCL is partially observable and more appropriately modelled
as a POMDP (Kaelbling et al., 1998), with complex dynamics hidden from the agent. This partial
observability can induce apparent non-stationarity from the agent's perspective, even when the un-
derlying transition dynamics are stationary. As discussed above, we adopt the view that continual
RL is bene�cial in such settings because continual adaptation may outperform any �xed policy (see
Sutton et al., 2007; Janjua et al., 2024). This perspective allows us to remain agnostic to restrictive
assumptions about agent capacity when invoking the “big world” hypothesis (Javed & Sutton, 2024).

In this work, we evaluate performance using the undiscounted return, while training algorithms
derived from the discounted formulation. Although the average-reward objective is arguably more
natural for continuing tasks, we leverage the substantially more mature deep RL literature developed
for the discounted setting. This choice mirrors common practice. For example, in Atari 2600 games,
agents are evaluated on accumulated scores while trained to optimize discounted return (Bellemare

3https://www.youtube.com/watch?v=CGpvzHIqFLA.
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Figure 2: Environment dynamics and actions. 1
 The agent (black) consumes smaller cells to
gain mass.2
 The SPLIT action divides each controlled cell in half and propels one of the resulting
cells in a chosen hx; yi direction, enabling slower, larger cells to reach faster opponents. Cell speed
decreases as mass increases.3
 Separated cells can later merge when brought suf�ciently close
together. 4
 Depending on its mass, a collision with a virus either fragments the agent into multiple
cells or 5
 allows the agent to absorb the virus.6
 The agent may also EJECT mass in a chosen
direction. Ejected mass can be consumed by any cell and, if suf�cient mass is fed into a virus, causes
it to spawn a new virus while propelling the original, enabling smaller agents to attack larger ones.

et al., 2013; Machado et al., 2018). Moreover, for every problem, there exists a critical discount fac-
tor such that any solution using a higher value will maximize the average reward (Blackwell, 1962).

3 AgarCL: Agar.io for Continual Reinforcement Learning

We begin by discussing our main contribution: Agar.io for Continual RL (AgarCL), a research envi-
ronment for sequential decision-making in which the dynamics evolve continuously as a function of
the agent's state and its interactions with other agents. Unlike benchmarks that rely on explicit task
switches, AgarCL induces endogenous, state-dependent changes in both control and observation,
while other agents in the environment further shape the experienced dynamics. Together, these fac-
tors result in a setting where the effective environment shifts over time without externally imposed
task boundaries. This aligns with the “big world” hypothesis (Javed & Sutton, 2024; Lewandowski
et al., 2025), as the agent operates in a world whose complexity is not exhaustively captured within
a �xed training horizon and where ongoing adaptation is expected to remain bene�cial.

3.1 The Game: Agar.io

AgarCL is based on the multiplayer online game Agar.io, in which each player controls one or
more circular cells in a shared two-dimensional arena. The setting resembles a Petri dish populated
by interacting cells, food pellets, and viruses. Players increase their mass by absorbing smaller
entities, including stationary pellets and other players' cells, while avoiding larger opponents.
Viruses introduce additional strategic structure: depending on a cell's size, colliding with a virus
can either fragment it into multiple smaller cells or provide temporary protection against larger
threats (see Figure 1). Players may also voluntarily split their cells for tactical purposes, allowing
simultaneous control of multiple bodies. Although the underlying rules are simple, complex
dynamics emerge from these local interactions. Figure 2 illustrates several of these behaviours.

The arena contains three types of entities: pellets, cells, and viruses. Pellets are randomly scattered,
static, have �xed size, and grant one unit of mass when consumed. Cells (including both the learning
agent and bots) can consume pellets, viruses, and smaller cells; when a cell absorbs another cell, it
gains its entire mass. Viruses have a �xed mass of 100, and depending on the size of the colliding
cell, a virus may either be absorbed or cause the cell to fragment into multiple smaller cells.
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Figure 3: The �rst 5,000 time steps of an expert trajectory showing game progression. The
agent (pink) steadily gains mass:1
 starting small, it eventually passes over a virus;2
 splits into
smaller cells; 3
 grows suf�ciently large to consume viruses and other agents;4
 splits to attack,
increasing its speed. As mass increases, the �eld of view expands to keep all controlled cells visible.
5
 The agent ultimately surpasses all opponents in mass and6
 can see the entire arena.

Players begin as a small cell with mass 25. If a player's cell is consumed by a larger cell, it is elim-
inated and subsequently respawns with the same initial mass. Although this repeated elimination
might suggest an episodic structure, AgarCL is fundamentally a continual task: successful agents
could survive forever, and, crucially, the environment does not reset upon elimination. The cell that
absorbed the player retains its newly acquired mass, so the consequences of actions taken in one
“life” persist into subsequent ones. Our current implementation focuses on the single-agent setting,
where other players, called bots, follow heuristic-based policies. This design isolates the continual
adaptation problem while maintaining rich interaction dynamics. For researchers interested in fully
multi-agent variants of the game, we refer to the GOBIGGER platform (Zhang et al., 2023).

Several mechanisms contribute to the game's evolving dynamics. New pellets are generated every
600 ticks (10 seconds) whenever fewer than 500 pellets are present in the arena, and viruses are
generated at each time step if their total number falls below 10. At the same time, each cell loses
0.2% of its mass per second, thereby imposing a constant pressure to grow. As mass increases, mo-
bility decreases: a cell's speed v is determined by v =100=mass0:439 , resulting in a slower movement
for larger cells. Consequently, smaller players must evade larger opponents, avoid being trapped
near boundaries, or strategically exploit viruses for protection. Players can feed viruses mass; once
suf�ciently large—typically after seven feedings—a virus splits and can be directed toward nearby
cells, potentially fragmenting larger opponents. A player's �eld of view also expands with its mass
to ensure that all controlled cells remain visible.4 Figure 3 illustrates a typical progression of play.

These dynamics create persistent trade-offs between short-term gains and long-term survival. For
example, a common tactic is to split a large cell to increase the likelihood of consuming smaller
opponents that would otherwise remain out of reach due to reduced mobility. However, this ag-
gressive move introduces signi�cant risks as the resulting smaller cells can be consumed by larger
opponents. Such decisions require balancing offensive opportunities against defensive stability, with
consequences that unfold over extended time scales. Because no single strategy is uniformly effec-
tive across mass regimes or local con�gurations of opponents, agents must continually adjust their
behaviour in response to both their own evolving state and the surrounding ecosystem.

4The original game contains additional rules. For example, a player cannot split beyond 14 cells, and consuming multiple
viruses in succession activates a penalty that increases mass decay; this penalty persists across respawns. We include these
rules to faithfully replicate the original game mechanics and minimize experimenter-induced bias, as Agar.io was not designed
for AI research, and we wanted to preserve that as much as possible.
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3.2 Agent-Environment Interface

Having speci�ed the underlying dynamics, we now formalize the interaction protocol between the
agent and the environment. We adopt the standard RL formulation in which interaction proceeds
through discrete time steps via actions, observations, and rewards. We detail the action space,
observation space, and reward structure below and summarize the key entities in Figure 1.

Reward Function. To keep the rewards bounded, we de�ne the reward at time step t as the change
in the agent's mass between consecutive time steps:

Rt = m t � m t�1 : (1)

Importantly, the problem is continuing (non-episodic), so the agent's death does not terminate the
game. Upon respawning, the agent receives a reward equal to its death mass less its initial mass.
This choice discourages death as a cost-free reset when the agent is bigger than its initial mass.
Additionally, each cell loses 0.2% of its mass per second, which we do not represent in Equation 1.

Observation Space. How the agent perceives the environment critically determines the dif�culty
and structure of the learning problem. We primarily consider a pixel-based, top-down rendering
of the environment, requiring the agent to operate over a high-dimensional, partially observable,
and non-stationary visual stream. Figures throughout the paper illustrate examples of the agent's
observations, with Figure 3 highlighting the evolution of the observation stream.

Variants of Agar.io have previously been explored in RL research (Wiehe et al., 2018; Ansó et al.,
2019; Zhang et al., 2023); however, those works rely on structured grid-like or symbolic state rep-
resentations. To the best of our knowledge, a high-dimensional pixel-based formulation has not
been studied. While our experiments focus on the pixel-based setting, AgarCL also supports more
symbolic observation variants for controlled comparisons. We describe both below.

Pixel-Based Observation: The observation at time step t is represented as a tensor Ot 2 RN�N�4 ,
where N � N denotes the spatial resolution (default N = 128). The four channels encode pellets,
viruses, enemy cells, and the agent (including gridlines), respectively. Figure 1 provides an example
rendering (gridlines are faint and may not be visible).

Grid-Like Observation: We additionally adapt the observation design from GoBigger (Zhang et al.,
2023) to the single-agent setting. This representation consists of a global state and a player state. The
global state includes coarse environmental information such as map size and elapsed time steps. The
player state captures agent-speci�c information, including its �eld of view, visible entities within that
region, current score, and available actions. The overlap �eld is critical because it encodes nearby
pellets, viruses, and cells together with their positions, velocities, and associated attributes.

Action Space. The action space is hybrid. At each time step, the agent selects both a continuous
control vector and a discrete action. The continuous component corresponds to a cursor location
hx; yi 2 [�1; 1] 2, which determines the direction of movement for all controlled cells. This design
mimics human play, in which movement is speci�ed by pointing to a location in the arena.

Simultaneously, the agent might choose to select one discrete action from {SPLIT, EJECT}. Not
selecting any actions applies only the continuous cursor control. The SPLIT action divides each
eligible cell into two equal-mass cells, provided the resulting cells have mass at least 25 (otherwise
the action has no effect). One of the resulting cells is propelled toward the cursor direction with
substantial momentum. After splitting, multiple cells must be controlled jointly through the same
cursor input. The EJECT action expels a small mass unit from each cell toward the cursor direction.
Ejected mass can be consumed by cells or viruses. All selected actions are executed for four con-
secutive environment steps before a new action is sampled. The observation returned to the agent
corresponds to the state after these four steps (i.e., a frame skip of 4).

Finally, the environment includes stochasticity: Gaussian noise N (0; 1) is added to the continuous
control signal before execution, preventing perfectly deterministic actuation.
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Simulation Speed. We report performance in terms of the interquartile mean (IQM) over ten inde-
pendent trials. In our experiments, a random Python agent processes 2,016 frames per second with a
frame skip of 1. With the default frame skip of 4, the agent receives 1,163 observations per second,
corresponding to 4,652 environment frames and 1,163 agent decisions per second. This throughput
is substantially higher than prior Agar.io-based benchmarks such as GOBIGGER. The performance
gains result from several implementation choices, including EGL-based rendering, optimized colli-
sion detection, ef�cient observation generation, and careful memory management.

Technical Details. Appendix C provides implementation details regarding the release of AgarCL,
including its software architecture, agent interface, con�guration options, and performance.

4 Experiments and Results

To evaluate the learning capabilities of agents in AgarCL, we begin with standard deep reinforce-
ment learning baselines: DQN (Mnih et al., 2015), PPO (Schulman et al., 2017), and SAC (Haarnoja
et al., 2018).5 These algorithms span value-based and policy-gradient methods, and together rep-
resent widely used approaches for high-dimensional control. By starting with these methods, we
assess whether existing deep RL techniques are suf�cient to cope with the non-stationary, partially
observable, and multi-agent dynamics induced by AgarCL.

All agents process 128 � 128 � 4 pixel observations through a shared convolutional encoder. The
encoder consists of three conv. layers with kernel sizes 8�8, 4�4, and 3�3, and strides 4, 2, and 1,
respectively. Each layer is followed by layer normalization (Ba et al., 2016) and a ReLU activation.
The resulting 32 �12 �12 feature map is �attened and passed through a fully connected layer to ob-
tain an embedding. This embedding is then used to predict both discrete and continuous actions, en-
abling hybrid control. Appendix F details the algorithm-speci�c adaptations required for this setting.

4.1 Benchmark Results for Continual RL in AgarCL

The full game constitutes the reference and default con�guration of AgarCL. We intentionally eval-
uate agents in this setting �rst, as it combines all the key challenges posed by AgarCL. The arena
size is 350 � 350 and contains 10 viruses, 8 bots, and 500 pellets that regenerate every 600 ticks.
We train DQN, PPO, and SAC for 160 million environment frames, averaging results over 10 in-
dependent runs. Training is computationally demanding: running SAC in this setting, for example,
requires more than seven days on a single machine.

Figure 4: Performance of established
deep RL algorithms in the full game
of AgarCL. Each curve is the average
over 10 seeds, with a moving average
computed over a window of 100 steps.

The results highlight the dif�culty of AgarCL for stan-
dard deep RL methods. Across all algorithms, we observe
a consistent failure to learn an effective policy in the full-
game con�guration. Figure 4 shows the learning curves,
and exact numerical results are provided in Table 9 (Ap-
pendix I). These outcomes indicate that traditional ap-
proaches struggle to address the challenges surfaced by
AgarCL, which are central to continual RL. We analyze
these challenges in more detail in the following sections.

Hyperparameter tuning is a central yet often overlooked
challenge in continual RL. In continual settings, standard
tuning strategies, such as optimizing performance over a
�xed horizon, are inherently problematic (Mesbahi et al.,
2024). If an agent is expected to operate inde�nitely, what horizon should guide tuning? Selecting
a shorter interval risks over�tting to that duration, contradicting continual learning. This issue

5Our implementations are available in https://github.com/machado-research/AgarCL-benchmark.
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is not merely theoretical: e.g., hyperparameters that perform well on 400k frames in Atari 2600
games often differ substantially from those used when training for 200M frames. Moreover, RL
performance is frequently highly sensitive to small hyperparameter changes (see Appendix H.2.1).

Because tuning speci�cally for the 160M-frame horizon of the full game would implicitly bias the
evaluation toward that timescale, we avoid horizon-speci�c tuning. At the same time, hyperparame-
ters must be chosen. We therefore reuse the best hyperparameters identi�ed for AgarCL's continual
MINI-GAME 4, the setting most similar to the full game but considerably shorter. This pragmatic
choice re�ects a broader open question in continual RL: how should hyperparameters be selected
when no natural training horizon exists?

4.2 AgarCL as a Continual Reinforcement Learning Testbed

We have not yet provided direct evidence that AgarCL meaningfully captures the challenges of
continual RL. We do so here by examining whether continual learning confers an advantage. Specif-
ically, we compare agents whose policies are �xed after training with agents that learn continually.

Figure 5: Performance of �xed-policy agents
initialized from checkpoints at 32M and 48M
steps. We report the moving average over 10
random seeds with a window size of 1000 steps.

Demonstrating this effect in the full-game setting
is dif�cult, as the algorithms evaluated in Sec-
tion 4.1 did not learn a reasonable policy. Thus,
we consider an easier con�guration in which
pellets and viruses regenerate every 120 ticks
(instead of 600), and pellet density is increased to
1024 (instead of 500). We focus on PPO here be-
cause it consistently outperformed the other base-
lines across multiple con�gurations, as discussed
in the next sections. Performance across different
pellet densities is reported in Appendix J.

Having identi�ed a setting in which PPO learns a
reasonable policy, we evaluate the robustness of
that policy when learning is halted. Speci�cally,
we freeze policies trained for 32 million and 48
million steps and evaluate them in the con�guration with 1024 pellets. As shown in Figure 5,
although the frozen agents initially perform competitively, their performance eventually collapses.
This behavior indicates that policies learned at a �xed point in time fail to remain effective as the
environment evolves, supporting the use of AgarCL as a testbed for continual adaptation.

It is also informative to consider a con�guration where this collapse does not occur. When reduc-
ing the number of bots from eight to four, PPO learns a relatively stable policy that collects pellets
and reliably avoids opponents (see Appendix K). In this simpler setting, freezing the policy does
not lead to the same degradation in performance. This contrast highlights the role of environmen-
tal complexity in inducing continual adaptation and underscores how speci�c design elements of
AgarCL contribute to its suitability as a continual RL evaluation framework.

4.3 Existing Continual RL algorithms in AgarCL

While the primary goal of this paper is not to benchmark continual RL methods in AgarCL, it is
natural to ask whether existing approaches transfer to this setting.

Many established continual learning methods rely on explicit task boundaries, which are not avail-
able in AgarCL. Representative examples include EWC (Kirkpatrick et al., 2017), MAS (Aljundi
et al., 2018), and LwF (Li & Hoiem, 2016). EWC and MAS incorporate task identity into regular-
ization constraints on parameter updates, while LwF uses task structure to de�ne distillation losses
that preserve performance on earlier tasks.



The Cell Must Go On: Agar.io for Continual Reinforcement Learning

We therefore focus on task-agnostic methods that can be applied to AgarCL without structural
modi�cations. These approaches primarily aim to preserve plasticity during learning. Concretely,
we augment PPO with Shrink and Perturb (Ash & Adams, 2020), ReDo (Sokar et al., 2023), and
Continual Backpropagation (Dohare et al., 2024), and evaluate them in the easier setting introduced
in Section 4.2.6 As shown in Figure 6, the performance of the baseline, PPO, starts to drop before
100 million frames, while we do not observe this behaviour with PPO with techniques designed to
mitigate loss of plasticity. Hyperparameters and numerical results are reported in Appendix K.

Figure 6: Performance of different continual
learning approaches. We report the moving
average over 10 runs with a window size of
10,000 steps.

We did not perform any additional investigation
to determine the extent to which PPO's perfor-
mance degradation is attributable to loss of plas-
ticity. Nevertheless, the observation that equip-
ping PPO with techniques designed to mitigate
loss of plasticity tend to achieve higher aver-
age performance, albeit with substantial variance,
suggests that loss of plasticity may contribute to
the observed performance degradation. More im-
portantly, we observe that none of the methods
achieve strong performance, and we saw little ev-
idence of learning in the more challenging con-
�guration with 500 pellets and 600-tick regener-
ation. These �ndings suggest that while stabil-
ity–plasticity may be one contributing factor in AgarCL, the primary bottlenecks likely lie else-
where, including exploration and long-horizon credit assignment.

4.4 Validating AgarCL through Mini-Games

As shown above, AgarCL presents a highly challenging learning problem. Beyond requiring sus-
tained online adaptation, it exposes additional dif�culties central to continual RL, including explo-
ration without resets, long-horizon credit assignment, and stable representation learning under a
continuously evolving observation stream.

To better understand these challenges, we evaluate agents on a set of mini-games designed within
Agar.io. Each mini-game isolates speci�c aspects of the full environment, such as non-stationarity
and its non-episodic dynamics, allowing us to analyze their impact in a more controlled manner.

Importantly, we tuned each algorithm's hyperparameters in every mini-game. We did so over 3 ran-
dom seeds, selecting the con�guration that maximized the mean return across the �nal 100 episodes
of a 20-million-frame run. To avoid maximization bias, we evaluated this con�guration with 10
new trials. Details on the hyperparameter ranges and selection criteria are provided in Appendix G.

Non-Stationarity through Mass Variation. We begin with a set of progressively challenging
pellet-collection mini-games. These environments exclude bots and viruses, isolating the effect
of mass dynamics. For simplicity, this �rst group is episodic, with �xed episode lengths of 500 (�rst
three mini-games) and 3000 (last three mini-games) time steps, and a single start state.

These mini-games were designed to isolate three aspects of the full game: (i) short-term exploration,
(ii) mass decay, and (iii) the dynamics induced by large mass (slower movement but access to split-
ting). To simplify exploration, delayed credit assignment, and partial observability, MINI-GAME 1
consists of collecting pellets arranged in a square path. The agent starts with mass 25 and experi-
ences no mass decay. Although this is the simplest setting, it still exhibits non-stationarity: as the
agent gains mass, it becomes larger and slower, yet the optimal behavior is simply to follow the
dense trail of pellets. MINI-GAME 2 extends this setup by introducing mass decay, where the loss

6Other replay-based continual learning approaches, such as CLEAR (Rolnick et al., 2019), could also be considered.
CLEAR leverages past experience from a replay buffer to mitigate forgetting. In this work, however, our goal is to analyze
how environment design in�uences continual adaptation rather than to exhaustively benchmark all continual RL baselines.




