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ABSTRACT

Dynamic discrete action spaces pose a core challenge for lifelong re-
inforcement learning (LRL), where agents must continually adapt as
the set of available actions expands over time. Existing approaches
typically follow fixed update cycles, which either introduce new
actions prematurely or delay policy improvement. To overcome this
challenge, we propose Timing Optimization Lifelong Reinforcement
Learning (TO-LRL), a framework that treats the timing of action
space expansion as a decision variable. Instead of passively fol-
lowing predefined cycles, TO-LRL leverages regret-driven signals
of exploration sufficiency to determine the optimal timing for ex-
panding the action space, ensuring that new options are introduced
only when they can accelerate policy improvement rather than
destabilize it. We establish regret bounds for both bandit and MDP
settings, showing that lifelong regret depends jointly on interaction
budgets and the effective action space. Empirically, we evaluate
TO-LRL on lifelong multi-armed bandits, treasure hunting, and al-
gorithmic trading. Across these tasks with dynamic discrete action
spaces, TO-LRL consistently outperforms fixed-cycle and adaptive
baselines, achieving lower cumulative regret, faster convergence,
and more stable long-term returns. These findings highlight timing
optimization as a principled and effective strategy for dynamic
discrete action LRL.
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1 INTRODUCTION

Lifelong reinforcement learning (LRL) has become an increasingly
important paradigm for building adaptive agents that can operate
in non-stationary environments. Unlike classical reinforcement
learning (RL), which assumes a stationary setting with a fixed set
of states and actions, LRL must handle environments where tasks,
dynamics, or available actions evolve [6, 9, 11]. Such adaptability
is critical for domains ranging from robotics to finance, where the
decision space itself is dynamic.

Gap. Existing work addresses dynamic discrete action space
(DDAS) through representation transfer or continual adaptation,
including zero-shot and embedding-based action generalization
[4, 5, 12], incremental action space growth [1, 2, 8], and decoupled
or replay-based policy architectures [7, 10, 14]. However, nearly
all existing methods leverage fixed cycles to incorporate new
actions. It introduces timing dilemmas: (i) expanding too frequently
prevents sufficient exploration of actions, thus inflating exploration
costs; (ii) expanding too infrequently delays the use of beneficial
actions and slows policy improvement. In short, existing methods
primarily optimize how to learn under a given action space, while
the question of when to expand remains unexplored.

Key idea. We treat expansion timing as a first-class decision
variable in DDAS-LRL. Instead of relying on predefined schedules
or heuristic triggers, TO-LRL explicitly evaluates whether the cur-
rent action set has been sufficiently explored. To this end, TO-LRL
employs optimism-based exploration and tracks an aggregated un-
certainty signal across actions. When exploration is inadequate,
this signal exhibits high variance and non-stationarity; as uncer-
tainty diminishes, it stabilizes. TO-LRL uses this stabilization as a
principled indicator of exploration sufficiency. By aligning expan-
sion decisions with the evolving confidence in the learning process,
TO-LRL introduces new actions when they are most likely to accel-
erate policy improvement rather than increase exploration costs or
disrupt learning stability.

Contributions. Our contributions are three-fold: (i) We propose
TO-LRL, which schedules action space expansion via exploration
sufficiency rather than a fixed cycle. (ii) We provide regret analysis
of the TO-LRL in DDAS scenarios, highlighting how regret depends
jointly on interaction budgets and the effective action space size
accumulated over time. (iii) We demonstrate consistent empirical
gains on three representative DDAS-LRL scenarios.
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Figure 1: The framework of TO-LRL.

2 TO-LRL FRAMEWORK

To bridge the aforementioned gap, we propose TO-LRL, a frame-
work that treats the timing of action space expansion as a decision
variable rather than a pre-defined schedule. As illustrated in Fig-
ure 1, it consists of two interacting components:

e Exploration Assessment Module: evaluates whether the
current action set has been sufficiently explored.

e Timing Decision Module: triggers expansion only when
exploration reaches statistical stability.

This design ensures that new actions are introduced precisely when
their inclusion accelerates learning rather than destabilizes it.

2.1 Exploration Assessment Module

For each action a € A;, the agent maintains the UCB index,

Ia(t) = Ha(t) + Ua(2), 1)

where J1,(t) denotes the empirical mean reward and U,(t) repre-
sents the confidence bonus. To capture the exploration status of
the entire stage, we aggregate the indices by,

U(t) = ) L(0).

aceA;

@

At the start of a stage, U;(t) fluctuates due to high uncertainty; as ex-
ploration proceeds, U, (t) diminishes and U;(¢) stabilizes. The tran-
sition from non-stationarity to stationarity thus encodes whether
the agent has sufficiently explored the current action set.

2.2 Timing Decision Module

The expansion decision relies on detecting the stabilization of the
signal sequence {U;(t) };»>1. Let Wy = {U;(t-21+1),..., U;(t-1)}
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and Wy = {U;(t-1+1),...,U;(t)} as two adjacent sliding windows
of length . Exploration sufficiency is declared when,

Wi = Wo| + [o(W) = o(Wo)| < m, ®)

ADF(W, U W}) rejects the unit-root hypothesis. (4)

Here 1 > 0 is a stability threshold, W] and o(W;) denote the mean
and variance of window W}, and ADF(-) refers to the Augmented
Dickey-Fuller test for stationarity. The expansion time for stage i
is thus defined as,

7; = min{t : U;(t) satisfies (3) and (4)}. (5)

Once 7; is reached, the timing module expands the action space as
Air1 = A; U B;. This rule embodies the principle “expand only after
optimism stabilizes,” aligning timing decisions with the confidence
structure of the exploration process. By aligning expansion timing
with the statistical stability of exploration, TO-LRL converts a fixed
heuristic schedule into an adaptive process.

3 EMPIRICAL HIGHLIGHTS

We evaluate TO-LRL on three DDAS-LRL scenarios: (i) lifelong
multi-armed bandits with new arms appearing over time, (ii)
treasure hunting where expansions correspond to more candi-
date locations, and (iii) algorithmic trading, which introduces
additional order sizes or price levels dynamically. Baselines include
two fixed-cycle methods and three adaptive heuristics that update
based on reward trends or exploitation-phase detection [3, 8, 13].

Bandits. Across lifelong bandit settings, TO-LRL consistently
achieves the lowest cumulative regret, reducing regret by roughly
10-20% compared to the strongest adaptive baseline. The gains
are more pronounced when the exploration budget is tight, reflect-
ing TO-LRL’s ability to delay expansion until existing arms are
sufficiently explored.

Treasure hunting. TO-LRL converges faster and more smoothly
than fixed-cycle and heuristic adaptive methods. By avoiding pre-
mature expansions in short-horizon, sparse-reward episodes, it
reduces search costs and improves cumulative reward.

Trading. In algorithmic trading, TO-LRL yields more stable long-
horizon returns. Fixed schedules either disrupt profitable policies
by expanding too early or too late, while TO-LRL expands only
after the existing policy stabilizes.

4 CONCLUSION

This work introduced TO-LRL, a framework that elevates timing to
a first-class decision variable in DDAS-LRL. By coupling UCB-based
exploration with stationarity tests, TO-LRL adaptively schedules
action space expansions to minimize lifelong regret. Our analy-
sis establishes formal regret bounds, and experiments from ideal
to practical scenarios demonstrate consistent gains in efficiency,
stability, and cumulative reward. These findings show that when
to expand the action space is as critical as how to act, positioning
timing optimization as a new principle for advancing LRL.
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