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Abstract

Reinforcement learning (RL) has evolved beyond monolithic
training, yet existing frameworks remain limited to single al-
gorithms or simple offline-to-online transitions. We present
multi-phase RL, a framework that orchestrates multiple learn-
ing phases for continual policy improvement. It enables ef-
ficient fine-tuning of pretrained policies with new data and
smooth adaptation from simulation to real-world environ-
ments. To support this paradigm, we introduce RL-Studio, a
platform that addresses key implementation barriers, includ-
ing neural architecture mismatches, parameter transfer com-
plexities, and experiment management overhead. It provides
phase orchestration, transition-point monitoring, and full ex-
periment lineage tracking. We demonstrate the effectiveness
of multi-phase RL through representative scenarios and high-
light RL-Studio’s capabilities.

Introduction

Reinforcement Learning (RL) has evolved beyond single-
paradigm approaches to encompass diverse learning strate-
gies. Traditional methods include online learning, which
gathers data through direct environmental interaction, and
offline learning, which relies exclusively on pre-collected
datasets (Levine et al. 2020). Recently, hybrid approaches
have emerged to combine different learning paradigms. No-
tably, offline-to-online methods leverage existing datasets
for initial training, then transition to environmental interac-
tion for policy refinement (Lee et al. 2022).

While offline-to-online RL represents a significant ad-
vance, we pose a fundamental question:

“What lies beyond offline-to-online RL?”

We argue that this is merely one instance of a broader
paradigm. Building upon prior ideas such as transfer learn-
ing and sim-to-real adaptation, we introduce multi-phase
RL, a framework that enables flexible transitions across arbi-
trary sequences of learning paradigms. Such transitions may
involve: (1) shifting learning modes (offline <+ online), (2)
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Figure 1: Performance comparison across two phase transi-
tions in HalfCheetah-v2. The x-axis represents gradient up-
dates for offline and environment steps for online phases.

switching algorithms (e.g., TD3 — SAC), or (3) transition-
ing between deployment contexts (sim-to-real scenario).
Unlike existing frameworks with predefined transitions,
multi-phase RL enables arbitrary phase sequences based on
task requirements. We present RL-Studio, a platform for
designing, implementing, and evaluating multi-phase algo-
rithms, providing infrastructure to explore optimal phase
transitions for improved efficiency and performance.

Multi-Phase RL

Multi-phase RL sequences multiple learning phases, each
potentially using different algorithms and data sources. Each
phase represents a complete experimental configuration.
Upon completion, learned networks initialize the next phase,
enabling continuous adaptation across learning modes.

This framework excels in two key scenarios:

Fine-Tuning. Figure 1(a) illustrates the conventional
offline-to-online scenario, where offline pretraining is fol-



lowed by online fine-tuning. The pretrained policy enables
sample-efficient online learning, surpassing both pure of-
fline and from-scratch online approaches.

Adaptation. Figure 1(b) illustrates online-to-online tran-
sition, valuable for sim-to-real transfer. After training in
simulation, agents adapt using limited real-world datasets,
achieving faster convergence than training from scratch.

These scenarios raise important research questions: When
should phases transition? Which sequences optimize specific
tasks? How can we predict transition outcomes? RL-Studio
enables systematic exploration of these questions.

The RL-Studio System

RL-Studio addresses technical challenges of implementing
multi-phase RL—resolving neural architecture mismatches
between different algorithmic implementations, managing
parameter transfer complexities when transitioning between
training phases, and reducing experiment management over-
head through systematic automation—enabling researchers
to focus on the scientific questions of multi-phase learning.
The system comprises three core components as follows.

Pre-Built Assets. FEach phase integrates algorithm, en-
vironment, dataset, and pre-trained model options: (1)
Algorithms: We support (i) online RL: PPO(Schulman
et al. 2017), TD3 (Fujimoto, Hoof, and Meger 2018),
SAC (Haarnoja et al. 2018), AWAC (Nair et al. 2020),
IQL (Kostrikov, Nair, and Levine 2022), PARS (Kim et al.
2025) '; (ii) offline RL: BC, TD3-BC(Fujimoto and Gu
2021), CQL (Kumar et al. 2020), AWAC, IQL, PARS;
and (iii) offline-to-online RL: AWAC, Off20n(Lee et al.
2022), IQL, Cal-QL (Nakamoto et al. 2023), SPOT (Wu
et al. 2022), RLPD (Ball et al. 2023), PARS, OPT (Shin
et al. 2025). (2) Environments and datasets: OpenAl
Gym (Brockman et al. 2016)-compatible environments (Mu-
JoCo (Todorov, Erez, and Tassa 2012), AntMaze (Nachum
et al. 2018), Adroit (Kumar 2016)) and D4RL bench-
marks (Fu et al. 2020). (3) Pre-trained models: Default
checkpoints from the above algorithms and user-provided
models. Users can extend these with custom algorithms, en-
vironments, and datasets.

Phase Orchestrator. The phase orchestrator enables con-
tinuous learning across any training phases through two
mechanisms: (1) Compatibility checker verifies whether
neural network components from different algorithms can be
integrated; (2) Model loader transfers compatible parame-
ters regardless of naming while randomly initializing non-
matching components. These mechanisms enable complex
pipelines with continuous knowledge transfer.

Web Platform Features. Our platform addresses gaps
in general ML platforms (Amazon Web Services 2017;
Biewald 2020) with three RL-focused features: (1) Behav-
ioral visualization (Figure 2 (a)) lets users select check-
points from learning curves and instantly view correspond-
ing behavior videos, helping assess whether training is suf-

"While AWAC, IQL, and PARS are offline-to-online methods,
their offline and online phases can be used independently.
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Figure 2: RL-Studio platform features for multi-phase RL.

ficient or phase transitions are needed; (2) Training lin-
eage tracking (Figure 2 (b)) visualizes the complete learn-
ing progression—phase sequences, algorithms used, and
performance evolution through transitions—helping iden-
tify optimal combinations; (3) Paradigm-aware perfor-
mance tracking automatically segregates learning curves
by paradigm (agent-environment interactions for online;
sample complexity, and gradient update steps for offline;
training iterations), enabling fair cross-paradigm compar-
isons. These features streamline multi-phase RL workflows,
letting researchers focus on algorithmic innovation.

Demonstration

Multi-Phase Experiment Workflow. RL-Studio enables
comprehensive multi-phase RL through a streamlined work-
flow. Users (1) create a project for their target environ-
ment and configure initial experiments by selecting datasets,
pre-trained models, and algorithms; (2) monitor training
progress through interactive learning curves with behav-
ior videos automatically generated at checkpoints; (3) tran-
sition between phases by initializing new experiments
from selected checkpoints, enabling algorithm or paradigm
switches; and (4) track complete training lineages and ex-
plore historical results via unified visualization tools.

Performance Comparison Workflow. The platform
streamlines algorithm comparison through integrated
analysis tools. Learning curves are automatically organized
by training paradigm (online vs. offline) when users select
experiments, enabling meaningful comparisons.

Limitations and Future Work

A key challenge lies in handling phase transitions across
heterogeneous models—spanning different network archi-
tectures (e.g., MLP <+ Transformer) and learning paradigms
(e.g., actor-critic <+ value-based)—which are currently lim-
ited to partial transfer. Overcoming this limitation could
enhance multi-phase adaptation across diverse representa-
tions. Extending RL-Studio toward real-world deployment
and continual improvement would further evolve it into a
closed-loop system for efficient refinement.
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