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Abstract

A key challenge in lifelong reinforcement learning (RL) is the loss of plasticity,
where previous learning progress hinders an agent’s adaptation to new tasks. While
regularization and resetting can help, they require precise hyperparameter selection
at the outset and environment-dependent adjustments. Building on the principled
theory of online convex optimization, we present a parameter-free optimizer for
lifelong RL, called TRAC, which requires no tuning or prior knowledge about the
distribution shifts. Extensive experiments on Procgen, Atari, and Gym Control
environments show that TRAC works surprisingly well—mitigating loss of plastic-
ity and rapidly adapting to challenging distribution shifts—despite the underlying
optimization problem being nonconvex and nonstationary. Project website and
code is available here.

1 Introduction
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Figure 1: Severe loss of plasticity in Procgen
(Starpilot). There is a steady decline in reward
with each distribution shift.

Spot, the agile robot dog, has been learning to walk
confidently across soft, lush grass. But when Spot
moves from the grassy field to a gravel surface, the
small stones shift beneath her feet, causing her to
stumble. When Spot tries to walk across a sandy
beach or on ice, the challenges multiply, and her
once-steady walk becomes erratic. Spot wants to
adjust quickly to these new terrains, but the patterns
she learned on grass are not suited to gravel, sand,
or ice. Furthermore, she never knows when the
terrain will change again and how different it will
be, therefore must continually plan for the unknown
while avoiding reliance on outdated experiences.

Spot’s struggle exemplifies a well-known and ex-
tensively studied challenge in real-world decision
making: lifelong reinforcement learning (lifelong
RL) Abel et al. (2024); Nath et al. (2023); Mendez
et al. (2020); Xie & Finn (2022). In lifelong RL, the learning agent must continually acquire new
knowledge to adapt to the nonstationarity of the environment. At first glance, there appears to be
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an obvious solution: given a policy gradient oracle, the agent could just keep running gradient
descent nonstop. However, recent experiments have demonstrated an intriguing behavior calledloss
of plasticity(Dohare et al., 2021; Lyle et al., 2022; Abbas et al., 2023; Sokar et al., 2023): despite
persistent gradient steps, such an agent can gradually lose its responsiveness to incoming observations.
There are even extreme cases of loss of plasticity (known asnegative transferor primacy bias), where
prior learning can signi�cantly hamper the performance in new tasks (Nikishin et al., 2022; Ahn
et al., 2024); see Figure 1 for an example. All these suggest that the problem is more involved than
one might think.

From the optimization perspective, the above issues might be attributed to thelack of stabilityunder
gradient descent. That is, the weights of the agent's parameterized policy can drift far away from the
origin (or a good initialization), leading to a variety of undesirable behaviors.1 Fitting this narrative,
it has been shown that simply adding aL 2 regularizer to the optimization objective (Kumar et al.,
2023) or periodically resetting the weights (Dohare et al., 2021; Asadi et al., 2024; Sokar et al., 2023;
Ahn et al., 2024) can help mitigate the problem. However, a particularly important limitation is
their use ofhyperparameters, such as the magnitude of the regularizer and the resetting frequency2.
Good performance hinges on the suitable environment-dependent hyperparameter, but how can one
con�dently choose thatbeforeinteracting with the environment? The classical cross-validation
approach would violate the one-shot nature of lifelong RL (and online learning in general; see
Chapter 1 of Orabona, 2023), since it is impossible to experience the same environment multiple
times. This leads to the contributions of the present work.

Contribution The present work addresses the key challenges in lifelong RL using the principled
theory ofOnline Convex Optimization(OCO). Speci�cally, our contributions are two fold.

• Algorithm: TRAC Building on a series of results in OCO (Cutkosky & Orabona, 2018; Cutkosky,
2019; Cutkosky et al., 2023; Zhang et al., 2024b), we propose a (hyper)-parameter-freeoptimizer for
lifelong RL, calledTRAC (AdapTive RegularizAtion in Continual environments). Intuitively, the
idea is a re�nement of regularization: instead of manually selecting the magnitude of regularization
beforehand,TRAC chooses that in an online, data-dependent manner. From the perspective of
OCO theory,TRAC is insensitive to its own hyperparameter, which means that no hyperparameter
tuning is necessary in practice. Furthermore, as an optimization approach to lifelong RL,TRAC is
compatible with any policy parameterization method.

• Experiment UsingProximal Policy Optimization(PPO) (Schulman et al., 2017), we conduct
comprehensive experiments on the instantiation ofTRAC calledTRAC PPO. A diverse range of
lifelong RL environments are tested (based on Procgen, Atari, and Gym Control), with considerably
larger scale than prior works. In settings where existing approaches (Abbas et al., 2023; Kumar
et al., 2023; Nath et al., 2023) struggle, we �nd that TRAC PPO
– mitigates mild and extreme loss of plasticity;
– and rapidly adapts to new tasks when distribution shifts are introduced.
Such �ndings might be surprising: the theoretical advantage ofTRAC is motivated by the convexity
in OCO, but lifelong RL isboth nonconvex and nonstationaryin terms of optimization.

Organization Section 2 surveys the basics of lifelong RL. Section 3 introduces our parameter-free
algorithmTRAC, and experiments are presented in Section 4. We defer the discussion of related
works and results to Section 5. Finally, Section 6 concludes the paper.

2 Lifelong RL

As a sequential decision making framework,reinforcement learning(RL) is commonly framed as
aMarkov Decision Process(MDP) de�ned by the state spaceS, the action spaceA, the transition
dynamicsP(st +1 jst ; at ), and the reward functionR(st ; at ; st +1 ). In thet-th round, starting from
a statest 2 S, the learning agent needs to choose an actionat 2 A without knowingP andR.
Then, the environment samples a new statest +1 � P(�jst ; at ), and the agent receives areward

1Such as the inactivation of many neurons, due to the ReLU activation function (Abbas et al., 2023; Sokar
et al., 2023).

2Indeed, hyperparameter selection, in general, is a well-known problem in lifelong as well as continual
learning settings (De Lange et al., 2021).
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r t = R(st ; at ; st +1 ). There are standard MDP objectives driven by theoretical tractability, but from a
practical perspective, we measure the agent's performance by its cumulative reward

P T
t =1 r t .

The standard setting above concerns astationaryMDP. Motivated by the prevalence of distribution
shifts in practice, the present work studies a nonstationary variant calledlifelong RL, where the
transition dynamicsPt and the reward functionRt can vary over time. Certainly, one should not
expect any meaningful “learning” againstarbitrary unstructured nonstationarity. Therefore, we
implicitly assumePt andRt to bepiecewise constantover time, and each piece is called atask–
just like our example of Spot in the introduction. The main challenge here is to transfer previous
learning progress to new tasks. This is reasonable when tasks are similar, but we also want to reduce
the degradation when tasks turn out to be very different.

Lifelong RL as online optimization Deep RL approaches, including PPO (Schulman et al., 2017)
and others, crucially utilize the idea ofpolicy parameterization. Speci�cally, a policy refers to the
distribution of the agent's actionat (conditioned on the historical observations), and we use� t 2 Rd

to denote the parameterizingweight vector. After samplingat and receiving new observations, the
agent could de�ne aloss functionJt (� ) that characterizes the “hypothetical performance” of each
weight� 2 Rd. Then, by computing thepolicy gradientgt = r Jt (� t ), one could apply a�rst order
optimization algorithm3 OPT to obtain the updated weight,� t +1 = OPT(� t ; gt ).

For the rest of this paper, we will work with such an abstraction. The feedback of the environment is
treated as apolicy gradient oracleG, which maps the timet and the current weight� t into a policy
gradientgt = G(t; � t ). Our goal is to design an optimizer OPT well suited for lifelong RL.

Lifelong vs. Continual In the RL literature, the use of “lifelong” and “continual” varies signi�cantly
across studies, which may lead to confusion. Abel et al. (2024) characterizedcontinual reinforcement
learning(CRL) as a never-ending learning process. However, much of the literature cited under CRL,
such as (Abbas et al., 2023; Ahn et al., 2024), primarily focuses on the problem ofbackward transfer
(avoiding catastrophic forgetting). Various policy-based architectures, such as those proposed by
Rolnick et al. (2019); Schwarz et al. (2018); Nath et al. (2023), focus on tackling this issue. Conversely,
the present work addresses the problem offorward transfer, which refers to the rapid adaptation to
new tasks. Because of this we use “lifelong” rather than “continual” in our exposition, similar to
(Thrun, 1996; Abel et al., 2018b; Julian et al., 2020).

3 Method

Figure 2: Visualization of TRAC's key idea.

Inspired by (Cutkosky et al., 2023), we study lifelong
RL by exploiting its connection toOnline Convex
Optimization(OCO; Zinkevich, 2003). The latter
is a classical theoretical problem in online learn-
ing, and much effort has been devoted to design-
ing parameter-freealgorithms that require minimum
tuning or prior knowledge (Streeter & Mcmahan,
2012; McMahan & Orabona, 2014; Orabona & Pál,
2016; Foster et al., 2017; Cutkosky & Orabona, 2018;
Mhammedi & Koolen, 2020; Chen et al., 2021; Jacob-
sen & Cutkosky, 2022). The surprising observation
of Cutkosky et al. (2023) is that several algorithmic
ideas closely tied to the convexity of OCO can actu-
ally improve the nonconvex deep learning training,
suggesting certain notions of “near convexity” on its
loss landscape. We �nd that lifelong RL (which isboth nonconvex and nonstationaryin terms of
optimization) exhibits a similar behavior, therefore a particularly strong algorithm (namedTRAC)
can be obtained from principled results in parameter-free OCO. Let us start from the background.

Basics of (parameter-free) OCO As a standalone theoretical topic, OCO concerns a sequential
optimization problem where the convex loss functionl t can vary arbitrarily over time. In thet-th

3Formally, a dynamical system that given its state� t and inputgt outputs the new state OPT(� t ; gt ).
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iteration, the optimization algorithm picks an iteratex t and then observes a gradientgt = r l t (x t ).
Motivated by the pursuit of “convergence” in optimization, the standard objective is to guarantee low
(i.e., sublinear inT) static regret, de�ned as

RegretT (l1:T ; u) :=
TX

t =1

l t (x t ) �
TX

t =1

l t (u);

whereT is the total number of rounds, andu is a comparatorthat the algorithm does not know
beforehand. In other words, the goal is to makeRegretT (l1:T ; u) small forall possible loss sequence
l1:T and comparatoru. Note that fornonstationaryOCO problems analogous to lifelong RL, it is
better to consider a different objective called thediscounted regret. Algorithms there mostly follow
the same principle as in the stationary setting, just wrapped byloss rescaling(Zhang et al., 2024a).

For minimizing static regret, classicalminimaxalgorithms like gradient descent (Zinkevich, 2003)
would assume a smalluncertainty setU at the beginning. Then, by setting the hyperparameter (such
as the learning rate) according toU, it is possible to guarantee sublinearworst case regret,

max
( l 1: T ;u )2U

RegretT (l1:T ; u) = o(T): (1)

In contrast, parameter-free algorithms use very different strategies4 to boundRegretT (l1:T ; u) directly
(without taking the maximum) by a function of bothl1:T andu. The resulting bound is more re�ned
than Eq.(1) (Orabona, 2023, Chapter 9), and crucially, since there is no need to pick an uncertainty
setU, much less hyperparameter tuning is needed. This is where its name comes from.

TRAC for Lifelong RL: In lifelong RL, a key issue is the excessive drifting of weights� t , which
can detrimentally affect adapting to new tasks. To address this,TRAC enforces proximity to a
well-chosen reference point� ref , providing a principled solution derived from a decade of research in
parameter-free OCO. Unlike traditional methods such asL 2 regularization or resetting,TRAC avoids
hyperparameter tuning, utilizing the properties of OCO to maintain weight stability and manage the
drift effectively.

The core of TRAC, similar to other parameter-free optimizers, incorporates three techniques:

• Direction-Magnitude Decomposition: Inspired by Cutkosky & Orabona (2018), this
technique employs a carefully designed one-dimensional algorithm, the "parameter-free
tuner," atop a base optimizer. This setup acts as a data-dependent regularizer, controlling
the extent to which the iterates deviate from their initialization, thereby minimizing loss
of plasticity, which is crucial given the high plasticity at the initial policy parameterization
(Abbas et al., 2023).

• Er� Potential Function : Building on the previous concept, the tuner utilizes the Er� poten-
tial function, as developed by Zhang et al. (2024a). This function is crafted to effectively
balance the distance of the iterates from both the origin and the empirical optimum. It
manages the update magnitude by focusing on the gradient projection along the direction
� t � � ref .

• Additive Aggregation: The tuner above necessitates discounting. Thus, we employ Additive
Aggregation by Cutkosky (2019). This approach enables the combination of multiple
parameter-free OCO algorithms, each with different discount factors, to approximate the
performance of the best-performing algorithm. Importantly, it facilitates the automatic
selection of the optimal discount factor during training.

These three components crucially work together to guarantee good regret bounds in the convex setting
and are the minimum requirement for any reasonable parameter-free optimizer.

Without going deep into the theory, here is an overview of the important ideas (also see Figure 2 for a
visualization).

• First,TRAC is a meta-algorithm that operates on top of a “default” optimizerBASE. It can simply be
gradient descent with a constant learning rate, orADAM (Kingma & Ba, 2014) as in our experiments.
Applying BASE alone would be equivalent to enforcing the scaling parameterSt +1 � 1 in TRAC,
but this would suffer from the drifting of� Base

t +1 (and thus, the weight� t +1 ).

4The key difference with gradient descent is the use of intricate (non-L 2) regularizers. See (Fang et al., 2022;
Jacobsen & Cutkosky, 2022) for a theoretical justi�cation of their importance.
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Algorithm 1 TRAC: Parameter-free Adaption for Continual Environments.
1: Input: A policy gradient oracleG; a �rst order optimization algorithm BASE; a reference point

� ref 2 Rd; n discount factors� 1; : : : ; � n 2 (0; 1] (default:0:9; 0:99; : : : ; 0:999999).
2: Initialize: Createn copies of Algorithm 2, denoted asA 1; : : : ; A n . For eachj 2 [1 : n], A j

uses the discount factor� j . Initialize the algorithm BASE at � ref . Let � 1 = � ref .
3: for t = 1 ; 2; : : : do
4: Obtain thet-th policy gradientgt = G(t; � t ) 2 Rd.
5: Sendgt to BASE as itst-th input, and get its output� Base

t +1 2 Rd.
6: For all j 2 [1 : n], sendhgt ; � t � � ref i to A j as itst-th input, and get its outputst +1 ;j 2 R.
7: De�ne the scaling parameterSt +1 =

P n
j =1 st +1 ;j .

8: Update the weight of the policy,

� t +1 = � ref +
�
� Base

t +1 � � ref
�

St +1 :

9: end for

Algorithm 2 1D Discounted Tuner of TRAC.

1: Input: Discount factor� 2 (0; 1]; small value" > 0 (default:10� 8).
2: Initialize: The running variancev0 = 0 ; the running (negative) sum� 0 = 0 .
3: for t = 1 ; 2; : : : do
4: Obtain thet-th inputht .
5: Let vt = � 2vt � 1 + h2

t , and� t = �� t � 1 � ht .
6: Select thet-th output

st +1 =
"

er�(1 =
p

2)
er�

�
� tp

2vt + "

�
;

whereer� is theimaginary error functionqueried from standard software packages.
7: end for

• To �x this issue,TRAC uses the tuner (Algorithm 2) to select the scaling parameterSt +1 , making
it data-dependent. Typically St +1 is within [0; 1] (see Figure 17 to 19), therefore essentially,
we de�ne the updated weight� t +1 as aconvex combinationof theBASE's weight � Base

t and the
reference point� ref ,

� t +1 = St +1 � � Base
t +1 + (1 � St +1 )� ref :

This brings the weight closer to� ref , which is known to be “safe” (i.e., not over�tting any particular
lifelong RL task), although possibly conservative.

• To inject the right amount of conservatism without hyperparameter tuning, the tuner (Algorithm 2)
applies an unusual decision rule based on theer� function. Theoretically, this is known to be
optimal in an idealized variant of OCO (Zhang et al., 2022, 2024b), but removing the idealized
assumptions requires a tiny bit of extra conservatism, which is challenging (and not necessarily
practical). Focusing on the lifelong RL problem that considerably deviates from OCO, we simply
apply theer� decision rule as is. This is loosely motivated by deep learning training dynamics, e.g.,
(Cohen et al., 2020; Ahn et al., 2023; Andriushchenko et al., 2023), where an aggressive optimizer
is often observed to be better.

• Finally, the tuner requires a discount factor� . This crucially controls the strength of regularization
(elaborated next), but also introduces a hyperparameter tuning problem. Following (Cutkosky,
2019), we aggregate tuners with different� (on a log-scaled grid) by simply summing up their
outputs. This is justi�ed by theadaptivityof the tuner itself: in OCO, if we add a parameter-free
algorithmA 1 to any other algorithmA 2 that already works well, thenA 1 can automatically identify
this and “tune down” its aggressiveness, such thatA 1 + A 2 still performs as well asA 2.

Connection to regularization Despite its nested structure,TRAC can actually be seen as a
parameter-free re�nement ofL 2 regularization (Kumar et al., 2023). To concretely explain this
intuition, let us consider the following two optimization dynamics.
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• First, suppose we run gradient descent with learning rate� , on the policy gradient sequencef gt g
with theL 2 regularizer�2 k� � � ref k2. Quantitatively, it means that starting from thet-th weight� t ,

� t +1 = � t � � [gt + � (� t � � ref )] ; =) � t +1 � � ref = (1 � �� ) ( � t � � ref ) � �g t : (2)

That is, the updated weight� t +1 is determined by a (1 � �� )-discounting with respect to the
reference point� ref , followed by a gradient step� �g t .

• Alternatively, consider applying the following simpli�cation ofTRAC on the same policy gradient
sequencef gt g: (i ) BASE is still gradient descent with learning rate� ; (ii ) there is just one discount
factor� ; and (iii ) the one-dimensional tuner (Algorithm 2) is replaced by the� -discounted gradient
descent with learning rate� , i.e.,St +1 = �S t � �h t . In this case, we have

� t +1 � � ref = St +1
�
� Base

t +1 � � ref
�

= ( �S t � �h t )
�
� Base

t � � ref � �g t
�

=
�
� � �S � 1

t ht
�

(� t � � ref ) � �S t +1 gt : (mildly assumingSt 6= 0 )

Notice thatSt is a� -discounted sum of�h 1; : : : ; �h t � 1, thus in the typical situation of� � 1 one
might expect�h t � j St j. Then, the resulting update of� t +1 is similar to Eq.(2), with quantitative
changes on the “effective discounting”1 � �� ! � , and the “effective learning rate”� ! �S t +1 .

The main message here is that under a simpli�ed setting,TRAC is almost equivalent toL 2 regulariza-
tion. The latter requires choosing the hyperparameters� and� , and similarly, the abovesimpli�ed
TRAC requires choosing� and� . Going beyond this simpli�cation, the actualTRAC removes the
tuning of� using aggregation, and the tuning of� using theer� decision rule.

On the hyperparameters AlthoughTRAC is called “parameter-free”, it still needs the� -grid, the
constant" and the algorithmBASE as inputs. The idea is thatTRAC is particularly insensitive to such
choices, as supported by the OCO theory. As the result, the generic default values recommended
by Cutkosky et al. (2023) are suf�cient in practice. We note that those are proposed for training
supervised deep learning models, thus should be agnostic to the lifelong RL applications we consider.

4 Experiment

DoesTRAC experience the common pitfalls of loss of plasticity? Does it rapidly adapt to distribution
shifts? To answer these questions, we testTRAC in empirical RL benchmarks such as vision-based
games and physics-based control environments in lifelong settings (Figure 3). Speci�cally, we instan-
tiate PPO with two different optimizers:ADAM with constant learning rate for baseline comparison,
andTRAC for our proposed method (with exactly the sameADAM as the inputBASE). We also test
ADAM PPO withconcatenated ReLU activations(CReLU; Shang et al., 2016), previously shown to
mitigate loss of plasticity in certain deep RL settings (Abbas et al., 2023). Our numerical results are
summarized in Table 1. Across every lifelong RL setting, we observe substantial improvements in
the cumulative episode reward by usingTRAC PPO compared toADAM PPO or CReLU. Below are
the details, with more in the Appendix.

Figure 3: Experimental setup for lifelong RL.

Procgen We �rst evaluate on OpenAI Procgen, a suite of 16 procedurally generated game envi-
ronments (Cobbe et al., 2020). We introduce distribution shifts by sampling a new procedurally
generated level of the current game every 2 million time steps, treating each level as a distinct task.
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