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Abstract

Reinforcement learning (RL) is promising for
adapting robot policies to unstructured real-world
environments. However, standard RL pipelines
rely on episodic training with frequent scene
resets, which is impractical for real-world de-
ployment due to the need for substantial human
intervention. We introduce CRONOS, a simu-
lation benchmark for studying reset-free multi-
task RL under long-horizon interactions and con-
strained reset budgets. To reflect realistic deploy-
ment, CRONOS leverages high-fidelity physics
simulators, adopts shared-scene multi-task set-
tings, targets the adaptation of state-of-the-art
robot policies, and formalizes reset-free learn-
ing under a fixed reset budget. CRONOS high-
lights five research topics: (1) learning effec-
tiveness under varying reset budgets, (2) algo-
rithm design for automatic resets, (3) biases in
pre-trained policies, (4) the impact of individual
learning factors, and (5) robustness to distribu-
tional drifts. We show that naively fine-tuning pre-
trained policies fails in reset-free settings; how-
ever, these challenges can be mitigated through in-
telligent reset allocation and by addressing biases
in pre-trained models. Finally, we demonstrate
that reset-free training enhances long-horizon ma-
nipulation and improves generalization to out-
of-distribution object configurations and task
sequences. Project page: https://embodiedai-
ntu.github.io/cronos/index.html.

1. Introduction

The ability to learn and adapt within their environments is
essential for deploying robots in unstructured and continu-
ally changing real-world environments. Recently, behavior
cloning (BC) has demonstrated remarkable results of robots
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trained to perform complex daily tasks (Black et al., 2024;
Team et al., 2025). However, this learning framework alone
is insufficient for robust real-world robot deployment. BC
policies often fail under novel distributions—such as unseen
scene layouts, object categories, or dynamics (Barreiros
et al., 2025)-while collecting demonstrations to exhaus-
tively cover such failures is impractical. Reinforcement
learning (RL) is a compelling alternative, that enables poli-
cies to adapt through trial-and-error interaction with the
environment. Recent studies show that RL fine-tuning can
substantially improve generalization and robustness of BC
policies in novel scenarios (Intelligence et al., 2025a).

Despite this promise, RL has so far been demonstrated pri-
marily in simulation (Yu et al., 2020; Tunyasuvunakool
et al., 2020) or small-scale real-world studies (Levine et al.,
2016; Yahya et al., 2017; Kalashnikov et al., 2018; Ankile
et al., 2025). Scaling RL to real-world deployment remains
a major bottleneck due to several unrealistic assumptions in
standard RL pipelines, such as reliance on episodic training,
hand-crafted reward functions and human-specified task
suites. This paper focuses specifically on the limitation
of episodic training, which assumes frequent scene resets
to prevent agents from being trapped in low-reward states
during training. While scene reset is free in simulation,
it incurs substantial human intervention in real-world set-
tings, thereby preventing RL from being deployed at scale
in real-world robotic systems.

To reduce these laborious needs, a wide range of reset-free
RL algorithms have been proposed, including manually
scripting the reset robot policy (Levine et al., 2016; Sharma
et al., 2020), instrumenting the reset mechanism (Zeng et al.,
2020; Kalashnikov et al., 2018; Kalashnkov et al., 2021), or
tackling scene resets through a multi-task learning frame-
work (Gupta et al., 2021) that treats scene resets as addi-
tional tasks and trains policies to reset (Eysenbach et al.,
2018; Zhu et al., 2020). With these approaches, we aim to
answer if they are capable of adapting state-of-the-art robot
policies, such as vision-language-action models (VLAs;
Kim et al., 2024; Li et al., 2024a; Qu et al., 2025), under
non-episodic training settings.

Since real-world experiments are often time-consuming and
costly, we propose to leverage simulation benchmarks to
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Figure 1. Comparison between common episodic multi-task RL and our shared-scene reset-free multi-task RL (RF-MTRL). Top:
Common episodic multi-task RL isolates each task into separate scenes and conducts frequent scene resets to prevent agents from being
trapped in low-reward states. Bottom: We propose CRONOS to study RE-MTRL. This simulation benchmark shares scenes across tasks,
which reduces reset overhead and more closely reflects real-world deployment. Meanwhile, agents must determine not only the ordering
of training tasks but also when and how to reset scenes given a fixed reset budget. This enables more realistic studies for RFE-MTRL.

facilitate systematic study on reset-free RL. This paper in-
troduces Continual Robotic Operations in NOn-episodic
Settings (CRONOS)—-a simulation benchmark carefully de-
signed to reflect realistic deployment while addressing key
limitations of existing benchmarks. First, CRONOS en-
hances sim-to-real alignment by building upon high-fidelity
simulators—SimplerEnv (Li et al., 2024b) and its exten-
sion (Liu et al., 2025). In contrast, existing benchmarks rely
on outdated simulators (Balsells et al., 2023) with simplified
physics and limited visual realism, resulting in huge sim-
to-real gap. Second, CRONOS adopts a realistic multi-task
learning setup by sharing scenes across tasks, in contrast
to prior benchmarks that isolate each task into a separate
scene (Yang et al., 2024). This design reduces scene reset
overhead and more closely reflects real-world deployment.
Third, CRONOS targets recent advances in robot learning by
evaluating reset-free RL fine-tuning of state-of-the-art pre-
trained policies, such as OpenVLA (Kim et al., 2024), rather
than policies trained from scratch (Gupta et al., 2021). Fi-
nally, following EARL (Sharma et al., 2021), CRONOS for-
malizes reset-free training as learning under a fixed budget
of scene resets, enabling systematic analysis across varying
levels of human intervention and encouraging the devel-
opment of policies that learn how and when to reset. We
present an overview comparison between common multi-
task episodic RL and our shared-scene multi-task reset-free
RL in Figure 1.

Using CRONOS, we conduct an initial study to investi-
gate: (1) the effectiveness of reset-free RL under varying
levels of human intervention, (2) the role and latent biases
of pre-trained BC policies, (3) the development of algo-
rithms that determine when and how to reset the scene, (4)
the impact of individual learning factors—task ordering or
curriculum learning—in reset-free RL, and (5) robustness
to out-of-distribution (OOD) conditions, including novel
object placements and task sequences.

Based on our experiments, we present the following key find-
ings in reset-free multi-task RL (RF-MTRL). First, naively
fine-tuning BC policies fails in reset-free settings. Second,
addressing biases in pre-trained policies and implementing
intelligent reset allocation—such as curriculum learning—are
critical for enhancing RF-MTRL. Third, strategic task or-
dering is a vital component for learning efficiency. Finally,
RF-MTRL enforces long-horizon manipulation and OOD
generalization compared to episodic baselines.

2. Preliminaries

In this section, we present a general formulation of multi-
task RL problems, and extend it to reset-free multi-task RL
problems (Gupta et al., 2021) without loss of generality.

Multi-task RL. Multi-task RL problems consider learning
optimal policies 7* for a set of tasks sampled from a task
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distribution p,. A task z ~ p,(-) defines a Markov decision
process (MDP) M, = (S, A, P,R., p,7), where S is the
state space, A is the action space, P denotes the transition
dynamics of the environment, R, is the reward function of
the task, p is the initial state distribution, and « denotes the
discount factor. Let J () be the expected return across all
tasks with respect to policy 7, which is written as:

H
J(’/T) = ]Ezwpz(~)Es()~p,a;L~7r(-\sh;z) [Z ’Yth(sha ah)‘|

Sh+1~P('|5h7ah) h=0
()

where policy 7 conditions on task z and H is the maxi-
mum time horizon. The RL objective is to learn a policy
maximizing the expected return average across all tasks.

Reset-free Multi-Task RL (RF-MTRL). Following
Sharma et al., 2021, we extend this formulation to reset-
free deployment settings. Evaluation remains episodic, with
trajectories rolled out from the initial state for each task.
In contrast, training trajectories are rolled out continually
across tasks with no or only occasional scene resets. There-
fore, the evaluation objective and MDP are identical to
Eqn. 1 and M, for task z, whereas the training objective
and MDP differ.

To model occasional scene resets, we re-define the transition
dynamics P as P(-|sp,an) = (1 — €)P(-|sn,an) + ep(-),
where the next state follows the environment dynamics P
with probability 1 — ¢, and is instead sampled from the
initial-state distribution p with probability €. This formula-
tion generally covers different levels of human intervention:
common episodic training uses larger €, while occasional
scene reset and non-episodic training (Zhu et al., 2020) use
smaller and zero €. The MDP during reset-free training
becomes M, = (S,A,P, R.,p,7).

Since training trajectories continually performs a sequence
of tasks with occasional resets, we define the training objec-
tive of RF-MTRL as follows:

H
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where z;, denotes the task at time h.

Evaluation. To quantify the learning efficiency of reset-
free RL algorithms, we first define a learning algorithm A
that continually updates its policy based on accumulated
experience. Formally, at time ¢, A maps the history of
transitions (s;, a;, si+1)§;é to (1) an action a; used for data
collection, and (2) a current policy estimate 7;, which is
evaluated separately.

We evaluate A along two dimensions: interaction efficiency
and reset efficiency. Interaction efficiency, commonly used

in prior work (Sharma et al., 2021; Gupta et al., 2021),
measures how quickly the algorithm approaches optimal
performance as a function of environment interactions. We
formalize this via the cumulative performance gap with a
metric function D:

T

D(A) =Y (J(x*) = J(m)), 3)

t=0

where 7' is the interaction horizon, policy , is estimated by
algorithm A at interaction step ¢, J(7) is defined in Eqn. 1,
and 7* = arg max, J(m) denotes the optimal policy.

Since scene resets are often significantly more costly than
environment interactions, we additionally measure reset ef-
ficiency, which captures how effectively an algorithm learns
under limited resets. Following the similar formulation as
Eqn. 3, we define a metric function C:

K

CA) = (J(x*) = J(m), “

k=0

where K is the maximum number of scene resets and 7,
denotes the policy estimated by algorithm A immediately
after the k-th reset.

3. Challenges in Reset-free Multi-task RL

We outline five major challenges in RF-MTRL that moti-
vates the design of CRONOS and our study.

(C1) Learning effectiveness under varying levels of hu-
man intervention. Scene resets are laborious and incurs
a major bottleneck for scaling real-world RL deployment.
Therefore, it is critical to evaluate how efficiently algorithms
learn under varying reset budgets. CRONOS provides a gen-
eral reset-efficiency metric (Eqn. 4) to enable this analysis.

(C2) Algorithm design for automatic reset. An effective
reset-free RL algorithm requires two components: a learn-
ing framework operating under a limited reset budget, and
an autonomous mechanism allocating that budget. Here we
focus on the latter: deciding when and how to reset. The
when decision involves detecting unrecoverable or persis-
tently low-reward states, while the how decision concerns
executing reset behaviors that return the agent to high-value
or recoverable states.

(C3) Biases in pre-trained BC policy. While BC pre-
training is known to improve RL sample efficiency (Ra-
jeswaran et al., 2017), the conditions under which RL can ef-
fectively adapt BC policies—-especially in reset-free, multi-
task settings—-remain an open question.

(C4) The impact of individual learning factors. Beyond
core algorithmic choices, several auxiliary factors can sub-
stantially affect learning efficiency in reset-free RL settings.
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We highlight two such factors, though this list is not exhaus-
tive. (1) Task ordering. In sequential multi-task settings,
the terminal states induced by earlier tasks constrain the
feasibility and difficulty of subsequent tasks. Consequently,
task ordering directly shapes the effective state distribution
encountered during training and can dominate learning ef-
ficiency. Prior work typically relies on manually specified
task sequences (Gupta et al., 2021; Zhu et al., 2020), leav-
ing principled, automated task-ordering strategies largely
unexplored. (2) Curriculum learning. This considers which
tasks to be learned or how often scenes to be reset, in the
early training stage. As shown in prior RL work (Wan et al.,
2023), well-designed curricula can dramatically improve
sample efficiency, yet their role in RF-MTRL remains under-
studied. The impact of these factors are rarely examined.

(C5) Robustness to out-of-distribution conditions. The
capability of OOD generalization is critical for policy de-
ployment. Existing simulation benchmarks primarily evalu-
ate OOD generalization along visual, semantic, or execution
dimensions (Liu et al., 2025). In contrast, CRONOS shares
scenes across tasks and minimizes scene resets, which natu-
rally induces sequential multi-task learning. We conjecture
that this setup enforces policy’s generalization to unseen
task orderings. In this paper, CRONOS measures robustness
along the dimension of task sequences and object positions.

4. CRONOS

CRONOS is designed to facilitate the rigorous analysis
of RF-MTRL through simulation. To ensure realism,
CRONOS adopts settings that closely reflect the challenges
of real-world deployment.

CRONOS is built upon realistic simulation benchmarks—
SimplerEnv (Li et al., 2024b) and its extension (Liu et al.,
2025)—to ensure sim-to-real alignment. SimplerEnv was
originally designed to approximate real-world robotic task
suites derived from Bridge (Walke et al., 2023) using a
high-fidelity physics simulator. It was subsequently ex-
tended with greater diversity in object categories, object
placements, instruction phrasings, and scene appearance,
enabling evaluation across visual, semantic, and execution
variations. Prior studies (Li et al., 2024b; Liu et al., 2025)
report that policies trained in this simulator can transfer to
real-world settings with limited performance degradation,
making it a reasonable testbed for studying reset-free RL.

Scene layout. While both SimplerEnv and its extension (Liu
et al., 2025) incorporate multi-task training, their settings
are unrealistic as they isolate tasks into individual scenes.
This increases scene diversity, thereby requiring more inten-
sive human supervision to create or reset environments. In
real-world deployment, such manual effort should be mini-
mized. Consequently, CRONOS implements a more natural

and efficient setup by placing multiple objects in a single
scene and sharing that scene across tasks. To construct a
scene, CRONOS selects a subset of objects and receptacles
from Liu et al., 2025, uses an RGB camera with 640x480
resolution, and deploys an 8-DoF WidowX-250S robotic
arm. The robot is position-controlled via 6-DoF end-effector
pose commands and gripper signals.

Task suites. CRONOS focuses on typical pick-and-place
tasks, each defined by an object, a target receptacle, and a
corresponding language instruction. The benchmark adopts
a realistic shared-scene multi-task setting, where policies
must learn to perform multiple tasks concurrently within
the same environment. Specifically, CRONOS configures
a scene with N objects and M receptacles, constituting
M x N distinct tasks: "put the [object] on the [receptacle].
While the current version trains and tests models within the
same scene, we will expand the benchmark to support scene
randomization, facilitating the study of visual, semantic and
execution generalization.

Training. Following prior work (Liu et al., 2025), we em-
ploy sparse rewards: a value of 0.1 for grasping or maintain-
ing possession of the correct object, and 1.0 for successful
task completion. Additionally, each object or receptacle is
placed in one of 64 random positions. For all experiments,
we use Proximal Policy Optimization (PPO; Schulman et al.,
2017) as the base RL framework. During the rollout collec-
tion phase, task transitions occur every 80 interaction steps,
while the scene reset frequency is determined by the specific
algorithm. Other training parameters—such as training cur-
riculum and task ordering—are left to the algorithmic design
of each RF-MTRL method.

Independent-task evaluation. CRONOS adopts reset-free
deployment settings (Sharma et al., 2021), where evaluation
remains episodic. To evaluate each task, the scene is reset
to a fixed initial configuration, and the agent is allowed to
interact with the environment for up to 80 steps. A rollout
is considered successful if the agent completes the task
before the episode terminates. We use success rate—the
proportion of successful completions across all trials—as the
primary metric. As discussed in Sec. 2, CRONOS evaluates
performance along two dimensions: success rate relative
to interaction steps (Eqn. 3) and relative to the number of
scene resets (Eqn. 4). Finally, we report both in-domain
learning efficiency on the training set and out-of-distribution
generalization on a held-out set, each consisting of 64 object-
receptacle configurations.

Sequential-task evaluation. In real-world deployments,
robots must often perform multiple tasks in sequence
without human intervention. To reflect these scenarios,
CRONOS incorporates a sequential evaluation setup that
measures a policy’s ability to transition between and ac-
complish tasks consecutively. This setup is inspired by
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prior work—CALVIN (Mees et al., 2022)—-which focuses on
multi-task imitation learning, whereas CRONOS addresses
reset-free multi-task reinforcement learning.

During testing, a policy is instructed to perform multiple
tasks in sequence. The policy must complete each task
within 80 steps; otherwise, it fails the current and all subse-
quent tasks in the chain. We incorporate 10 task orderings,
each evaluated across 64 object-receptacle configurations.
Consistent with the single-task setup, we assess in-domain
and out-of-distribution performance on the training and held-
out sets, reporting the mean and standard deviation of suc-
cess rates across all rollouts.

5. Baseline Methods

We propose several baseline methods to tackle challenges—
C1, C2, C3, C4—outlined in Section 3. Their results provide
a systematic study on policy adaptation via RF-MTRL.

Periodic and heuristic reset. We propose two baseline
algorithms for automatic reset (C2), enabling us to study
learning effectiveness under varying reset budgets (C1).
The first is periodic reset, which resets the scene every T'
interaction steps. In this paper, we evaluate various reset fre-
quencies with T' € {80, 320, 1280, 2560}, where T = 80
corresponds to standard episodic training. The second algo-
rithm is heuristic reset, which triggers a reset whenever the
scene enters an unrecoverable state—such as when objects
or receptacles are displaced outside the robot’s workspace.
This prevents the agent from wasting interaction steps in im-
possible scenarios, allowing the heuristic baseline to strike
a better balance between interaction and reset budgets.

Learning-based reset. Another established approach to
automatic reset (C2) is the use of learned reset policies (Ey-
senbach et al., 2018). We define ‘put the [object] on the
table’ as the reset task and fine-tune the policy to perform
both pick-and-place and reset tasks. This baseline alter-
nates rollout collection between the primary pick-and-place
task and the reset task; accordingly, we refer to this as the
learned reset baseline.

VLAs and episodic end-effector reset. In real-world de-
ployment, fine-tuning pre-trained models often better sat-
isfies application requirements, as it is more effective than
training from scratch for obtaining robust policies (Ra-
jeswaran et al., 2017). To reflect this, we focus on fine-
tuning state-of-the-art VLA models under reset-free settings
(C3). We select OpenVLA (Kim et al., 2024)-a model
widely adopted in recent RL fine-tuning literature (Zhang
et al., 2024; Lu et al., 2025)—to ensure the reproducibility
of our study. Surprisingly, we found that reset-free fine-
tuning of OpenVLA is initially ineffective; the policy often
samples low-quality actions that sweep objects off the ta-
ble during task transitions. We hypothesize that this stems

from a distributional drift in the robot’s end-effector con-
figuration between the pre-training and fine-tuning phases.
Specifically, VLAs are pre-trained on expert demonstra-
tions (O’Neill et al., 2024) where the end-effector typically
begins at a fixed pose. In contrast, reset-free settings involve
more diverse starting configurations. Consequently, we pro-
pose to episodically reset the end-effector, but not the scene,
when fine-tuning OpenVLA. While we address end-effector
drift, we recognize that other biases impacting RL sample
efficiency in this context are yet to be fully uncovered.

Random and heuristic task ordering. To analyze the im-
pact of training task ordering (C4), we compare random
ordering against a heuristic approach. This heuristic deter-
mines subsequent tasks based on a cyclic task graph (Gupta
et al., 2021), which avoids consecutively picking the same
object or placing it onto the same receptacle. See the Ap-
pendix E for further details.

Curriculum Learning. To analyze the impact of reset allo-
cation (C2,C4), we devise a curriculum learning approach
that performs more frequent scene resets during the early
stages of training and reduces the frequency as training
progresses. This examines whether scene resets should be
allocated adaptively based on the agent’s learning progress.

6. Experiments

We conduct experiments as an initial study for tackling chal-
lenges described in Section 3. Specifically, our experiments
are designed to answer the following questions:

Q1: Which biases in pre-trained BC policies affect fine-
tuning efficiency under RE-MTRL settings?

Q2: How do RF-MTRL baselines perform on CRONOS?
Q3: What are the impacts of learning factors, such as task
ordering and curriculum learning, on RF-MTRL?

Q4: What is learning efficiency of RF-MTRL under varying
levels of human intervention?

QS: How robust are RE-MTRL policies to OOD conditions?
Q6: How do RF-MTRL baselines scale to more complex
scenes and expanded task suites?

For Q1-Q5, we configure a scene with two objects (shovel
and ketchup bottle) and two receptacles (plate and cloth),
constituting four distinct tasks. To answer Q6, we introduce
a more complex environment featuring three objects (toy
bear, shovel and ketchup bottle) and three receptacles (plate,
cloth and carpet), resulting in a total of nine pick-and-place
tasks. We refer to the Appendix D for more training details.

6.1. Biases in Pre-trained BC Policies

We first investigate the feasibility of fine-tuning BC policies
(OpenVLA) under reset-free multi-task settings. We com-
pare model performance under episodic training against



CRONOS: Benchmarking Multi-Task Robotic Manipulation for Reset-Free Reinforcement Learning At Scale

1.0

T | Episodic Curriculum  Learned  Heuristic | Success rate @ Rode
e.e reset learning  scene reset scene reset | 1.3M interaction 0.5\ m i EER: L1
®w/ EER, CL, HSR

80 ‘ _ _ _ _ 0.897+0.027 %06 ®w/ EER, CL, HSR, LSR i
1280 - - - - 0.023+0.030 E
1280 v - - - 0.326+0.179 Soa
1280 v v - - 0.5780.054 ®
1280 v v v - 0.580+0.036 02
1280 v v - v 0.649+0.090 -
1280 v v v v 0.631+0.065 00 i 3 3 i 5

Number of Reset -

Table 1. Performance of RF-MTRL approaches. We analyze the impact of episodic end-effector resets (EER), curriculum learning (CL),
learned scene resets (LSR), and heuristic scene resets (HSR) on RE-MTRL. All methods are trained for a maximum of 1.3M interaction
steps across five random seeds, and tested on the training set of object-receptacle configurations. For curriculum learning, we set 7' = 320
to the first 0.65M interaction steps, and increase it to 1280 afterwards. Left: We measure interaction efficiency by calculating the average
success rate achieved by the final checkpoints. Right: We measure reset efficiency by calculating the average success rate relative to the

total number of scene resets.
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Figure 2. Impact of task
ordering. We evaluate per-
formance of heuristic and
random task ordering. We
use independent-task evalu-
ation, reporting the average
success rate relative to total
interaction steps. Models are
tested on the training set of
object-receptacle configura-
tions. Heuristic task ordering
outperforms random task or-
dering.
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reset-free training.  Specifically, the former employs
episodic scene resets (I' = 80), while the latter utilizes
periodic scene resets (1" = 1280). In this experiment, all
models are trained for a maximum of 1.3M interaction steps
across 5 random seeds. Using independent-task evaluation,
we test the final checkpoints on the training set of object-
receptacle configurations and report the average success rate
across all tasks and seeds.

The results are summarized in Table 1. Surprisingly, we
find that directly fine-tuning OpenVLA under reset-free
settings is ineffective, yielding only a 2.3% average success
rate compared to 89.7% achieved via episodic training. As
discussed in Section 5, our analysis suggests that these BC
policies overfit the end-effector configuration distributions
found in pre-training expert demonstrations, where the end-
effector is always reset to a fixed pose at the beginning of
each task. We validate this hypothesis by implementing
episodic end-effector resets, which significantly improves
performance, increasing the absolute success rate by 30.3%.

6.2. Efficacy of RF-MTRL Approaches

We next investigate the performance of existing RF-MTRL
approaches on CRONOS, considering two primary base-
lines: (1) learned scene reset and (2) heuristic scene reset.
Following the training and evaluation protocol established
in Section 6.1, we summarize the results in Table 1.

While the learned scene reset approach avoids additional
reset overhead during training, it yields only a trivial perfor-
mance gain of 0.2% in average success rate. We hypothe-
size that RL sample efficiency degrades as the number of
learning tasks increases. Given a fixed interaction budget,
a policy required to master both pick-and-place and reset
tasks achieves lower performance than a policy dedicated
solely to pick-and-place tasks.

In contrast, our heuristic scene reset baseline proves effec-
tive, providing an absolute performance gain of 7.1% in
success rate. However, this improvement incurs a cost: the
baseline consumes twice the reset budget compared to the
model without heuristic resets (6000 vs. 2000 resets, as
shown in the right figure of Table 1). These results indi-
cate that while the heuristic approach enhances interaction
efficiency, it does not necessarily improve reset efficiency.
This trade-off exemplifies the fundamental challenge of
balancing interaction and reset efficiency, emphasizing the
necessity for more intelligent reset algorithms in RF-MTRL.

6.3. Impact of Curriculum Learning

Curriculum learning offers an alternative strategy for al-
locating scene resets by prioritizing more frequent resets
during the early stages of training. Specifically, we set
T = 320 for the first 0.65M interaction steps, subsequently
increasing 7" to 1280 for the remainder of training. Follow-
ing the same protocol as Section 6.1, our results in Table 1
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demonstrate that this approach significantly enhances in-
teraction efficiency, bringing an absolute gain of 25.2% in
the average success rate. Notably, this strategy achieves a
superior trade-off between interaction and reset efficiency;
it requires only 60% more resets to match the success rate
of the non-curriculum baseline (1600 vs. 1000 resets at a
32.6% success rate, as shown in the right figure of Table 1).
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Figure 3. Learning efficiency under varying reset budgets. We
consider four baselines: standard episodic training (17" = 80), pe-
riodic reset (1" = 320) with episodic end-effector resets, and a
combination of periodic reset (I' € {1280,2560}) and heuris-
tic reset (HSR) integrated with episodic end-effector resets and
curriculum learning. All models are trained using heuristic task
ordering and evaluated on the training set of object configurations.
From left to right: We evaluate independent-task manipulation
relative to total interaction steps (a) and the total number of scene
resets (b). Non-episodic baselines achieve superior reset efficiency.

6.4. Impact of Task Ordering

We investigate how task ordering influences learning dy-
namics in reset-free multi-task training by comparing our
proposed heuristic task ordering against a random ordering
baseline. We follow the same training and evaluation pro-
tocol as Section 6.1. Specifically, we select the baseline
that adopts periodic reset (T = 1280), episodic end-effector
reset, curriculum learning and heuristic scene resets. We
report the average success rate relative to total interaction
steps. As shown in Figure 2, heuristic task ordering achieves
higher learning efficiency than random ordering under reset-
free multi-task settings. These results suggest that strategic
task sequencing is a critical component for optimizing per-
formance in RF-MTRL.

6.5. Learning Efficiency Under Varying Reset Budgets

We study learning effectiveness under varying levels of
human intervention (reset budgets) by evaluating four pri-
mary baselines: (1) standard episodic training (7' = 80),
(2) periodic reset (1" = 320) with episodic end-effector re-
sets, and (3) a combination of periodic and heuristic resets
(T € {1280, 2560}) integrated with episodic end-effector
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Figure 4. Robustness to OOD object-receptacle configurations.
We compare an episodic baseline (1" = 80) against a non-episodic
baseline—periodic reset (1" = 320) with episodic end-effector
resets. Both models are tested on the training set—consisting of 64
(top row) or 1 (bottom row) object-receptacle configurations—and
the held-out set, consisting of 64 object-receptacle configurations.
When training on fewer configurations, the periodic reset approach
demonstrates stronger OOD generalization to the episodic baseline.

resets and curriculum learning. To ensure convergence, all
methods are trained for 2.9M interaction steps. We perform
both independent-task and sequential-task evaluations to
assess the agent’s capability in both isolated and chained
manipulation scenarios. Our analysis focuses on two dimen-
sions: interaction efficiency and reset efficiency, measuring
performance relative to total interaction steps and the total
number of scene resets, respectively.

Our results are summarized in Figure 3. In independent-task
evaluation, while the standard episodic baseline (17" = 80)
achieves the highest success rate for a fixed number of
interaction steps, it exhibits poor reset efficiency, resulting
in a 38% performance gap under an 8,000-reset budget.
Conversely, we observe a degradation in learning efficiency
as reset frequency decreases (T' € {1280, 2560}). Notably,
these baselines consume a similar number of resets as the
T = 320 baseline due to the heuristic reset mechanism, yet
they fail to match its performance. These results underscore
the ongoing need for more optimal RF-MTRL algorithms
that maximize the utility of each interaction.
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Figure 5. Robustness to OOD task sequences. We compare
an episodic baseline (7' = 80) against a non-episodic baseline—
periodic reset (1" = 320) with episodic end-effector resets. The
periodic reset baseline is trained with heuristic task ordering. We
adopt sequential-task evaluation, using 10 task sequences. Notably,
9 out of 10 task sequences used for evaluation are unseen during
training. In addition, both models are tested on the training (left,
in-domain) and the held-out (right, OOD) set, each consisting of 64
object-receptacle configurations. The non-episodic approach not
only enhances long-horizon manipulation, but also demonstrates
stronger generalization to OOD task sequences during inference.

6.6. Robustness to distributional shifts

We evaluate the OOD generalization of the learned policies
under reset-free settings. In this study, we focus specifi-
cally on distributional drifts in two areas: object-receptacle
configurations and testing task sequences.

For object configurations, we hypothesize that RF-MTRL fa-
cilitates stronger generalization than episodic training when
policies are trained on a limited number of configurations—
a performance gap that narrows as the diversity of train-
ing configurations increases. We compare two baselines:
(1) standard episodic training (7' = 80) and (2) periodic
reset (I' = 320) with episodic end-effector resets. Both
models are trained for 1.3M interaction steps across five
random seeds, with final checkpoints evaluated using the
independent-task protocol. To test our hypothesis, we train
these models on either 64 configurations or a single, fixed
object-receptacle configuration. The periodic reset baseline
uses heuristic task ordering during training.

Figure 4 summarizes our results. The columns represent
evaluation on the training and held-out configurations, while
the rows differentiate between models trained on 64 and 1
configuration(s). As expected, when trained on a single con-
figuration, the periodic reset method achieves performance
comparable to the episodic baseline on training data but
yields a substantial performance gain on held-out configura-
tions. This performance gap narrows as the training diversity
increases. These results are encouraging: they suggest that
even without manual efforts to increase scene variety, prac-
titioners can simply allow the scene to evolve naturally via
RF-MTRL to achieve robust real-world fine-tuning.

Figure 6. Training scene
for complex object-receptacle
configurations. We scale the
environment froma 2 X 2to a
3 x 3 setup, introducing three
objects and three receptacles,
resulting in 9 tasks. This in-
~ creases environment complexity
for multi-task learning.

For testing task sequences, we conjecture that RF-MTRL
approaches inherently excel at sequential task execution, as
they are trained to handle the continuous state transitions
that episodic baselines rarely encounter. We evaluate the
episodic and periodic reset baselines—both trained on 64
configurations—on 10 different task orderings. Notably, for
the periodic reset baseline, 9 out of 10 task sequences used
for evaluation were unseen during training. Across these
orderings, we report the average success rate of every task
performed within the first 80" steps (SEQ 0), the 80" to
160" steps (SEQ 1), the 160" to 240" steps (SEQ 2) and
the last 80" steps (SEQ 3). The model performance is
expected to degrade as interaction steps increase due to the
accumulation of action errors over time.

As shown in Figure 5, the periodic reset baseline outper-
forms the episodic baseline. This is expected, as our multi-
object scenes naturally support sequential task execution in
reset-free settings. These findings mirror how humans learn
to perform sequences of tasks in complex environments,
suggesting a promising direction for designing task suites
in both simulation and the real world.

80 3x3 80 3x3
320 3x3 320 3x3

0.8 0.8

o
@
o
o

o
IS

Success Rate
o
IS

Success Rate

0.2 0.2

O"b.O 0.5 1.0 15 20 25 3.0 o 2 4 6 8
Interaction Step Number of Reset

(a) Independent task
(# interaction steps)

(b) Independent task
(# resets)

Figure 7. Performance of a more complex task suite. We evalu-
ate the independent-task baseline under a larger task set consisting
of three objects and three receptacles. Performance is measured
with respect to (a) the number of interaction steps and (b) the num-
ber of scene resets. The results show that while both approaches
achieve comparable performance when measured by interaction
steps, the reset-efficient setting demonstrates improved robustness
under a limited reset budget.
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6.7. Scalability to More Complex Task Suites

In real-world deployments, robots are expected to handle a
wide range of tasks. Therefore, we validate the scalability
of current RF-MTRL baselines to more complex scenes and
expanded task suites. Specifically, we configure a scene
with three objects and three receptacles, resulting in a suite
of nine combinatorial pick-and-place tasks (Figure 6).

We evaluate two baselines: (1) standard episodic training
(T = 80), and (2) periodic reset (7' = 320) with episodic
end-effector resets. Both methods are trained for 2.9M in-
teraction steps and evaluated using the independent-task
protocol. We summarize our results in Fig 7. While the
non-episodic method (7' = 320) achieves competitive per-
formance against the episodic baseline (7' = 80) over a fixed
number of interaction steps, it demonstrates significantly
superior reset efficiency—achieving an absolute performance
gain of 44% in success rate under a fixed reset budget of
9000 resets. These results confirm that current RE-MTRL
baselines scale effectively to more complex scenarios.

7. Related Work

Fine-tuning VLA with RL. Vision-Language Action
(VLA) models (Intelligence et al., 2025b; Kim et al., 2024;
O’Neill et al., 2024; Ankile et al., 2025; Team et al., 2024)
learn generalist robot policies across different tasks by lever-
aging pre-trained vision-and-language foundation models.
Despite their strong representational capacity, VLA models
inherit a key limitation of behavior cloning methods: poor
robustness to out-of-distribution (OOD) scenarios. Recent
work has shown that reinforcement learning fine-tuning
can substantially improve VLA generalization in percep-
tion, semantics, and execution (Liu et al., 2025). Sev-
eral approaches further enhance long-horizon generalization
through task decomposition and dense rewards (Zhang et al.,
2025), action chunking with value estimation (Huang et al.,
2025), world-model-based verification (Li et al., 2025), or
exploration-driven strategies (Lu et al., 2025). However,
all existing methods fine-tune VLA models under episodic
training assumption, while our benchmark explores the VLA
fine-tuning under a non-episodic setting.

Reset-free RL. Real-world reinforcement learning is fun-
damentally constrained by the cost of human intervention
for environment resets, and prior benchmarks show that
episodic algorithms do not directly extend to non-episodic
settings (Liu et al., 2023; Sharma et al., 2021). Existing
approaches address this limitation via model-based methods
that improve exploration efficiency without resets (Yang
et al., 2025; Treven et al., 2024), joint learning of task
and reset policies with explicit consideration of irreversible
states (Lee & Seo, 2024; Patil et al., 2024; Sharma et al.,
2023; Kim et al., 2023; Walke et al., 2022; Sharma et al.,

2022; 2021; Zhang & Weihs, 2023; Xie et al., 2022; Eysen-
bach et al., 2018), or by formulating reset-free learning as
multi-task learning where auxiliary tasks implicitly induce
resets (Gupta et al., 2022; Xu et al., 2022; Gupta et al.,
2021; Ha et al., 2020). Hybrid formulations that integrate
these perspectives have also been explored (Yang et al.,
2024). In contrast, our benchmark explicitly quantifies reset
efficiency by measuring the number of resets and highlights
the core challenges of reset-free learning.

8. Conclusion

The contributions of this paper are: (1) we introduce
CRONOS, a simulation benchmark designed to enable sys-
tematic studies of RF-MTRL, (2) we formalize two distinct
evaluation metrics to quantify the interaction efficiency and
reset efficiency of RF-MTRL algorithms, (3) we focus on
the fine-tuning of state-of-the-art pre-trained BC policies,
a setting that better reflects real-world deployment, and (4)
we present an extensive analysis revealing the necessity of
mitigating policy biases, utilizing intelligent reset allocation,
and implementing strategic task ordering in RF-MTRL.
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A. Limitations

We identify the following limitations of our proposed simulation benchmark:

Limited evaluation on generalization. Our current protocol for evaluating OOD generalization does not yet account for
the dimensions of object categories, object quantities, physical properties, scene appearances, and lighting conditions—factors
that are critical to faithfully mirroring the complexity of real-world deployment. We intend to expand the benchmark with a
significantly more diverse range of environments following its public release.

Limited robot policy diversity. This study evaluates a single BC policy, OpenVLA, despite the recent release of numerous
alternative VLASs (Qu et al., 2025; Black et al., 2024; Lee et al., 2025). It remains unclear whether these models exhibit the
same failure modes or latent biases observed in OpenVLA. A more comprehensive study involving a broader range of policy
architectures is required to determine the generalizability of our findings across different VLA foundations.

Narrow task complexity and reversibility. While pick-and-place represents a fundamental building block of manipulation,
it does not capture the full spectrum of challenges in reset-free learning, such as irreversible states (e.g., spilling liquid or
breaking an object). In our current setup, the "reset" of one task is often the "start" of another, but real-world scenarios may
involve "dead-ends" where a robot cannot recover without high-level human intervention. Future iterations of CRONOS
should incorporate more complex, non-reversible tasks to better test the limits of autonomous recovery and failure detection.

B. More Experiments

We additionally validate the performance of the RF-MTRL baselines in a distinct scene where the objects and receptacles
exhibit different geometries, surface properties, and contact dynamics compared to those in the main experiment (Figure 9).
Specifically, we configure the scene with a novel set of objects (a toy bear and a plastic bottle) and receptacles (a newspaper
and a carpet). Following the same training and testing protocol detailed in Section 6.5, we study learning effectiveness under
varying levels of human intervention (reset budgets). We adopt two baselines: (1) standard episodic training (7' = 80), and
(2) periodic reset (1" = 320) with episodic end-effector resets. As summarized in Figure 8, our results are consistent with
those from the primary experiment (Figure 3). For a fixed number of interaction steps, the non-episodic method achieves
performance competitive with the episodic baseline, while outperforming it by a large margin when constrained to a fixed
reset budget.

1.0 1.0
T=80
mT=320
= B T=80 (new)

0.8 0.8 B T=320 (new)
2 - ]
Sos 206
" "]
n n
8 8
Vo4 Vo4
= =
(1)) (1]

]
/ T=80
0-2 / mT=320 0-2
/ M T=80 (new)
B T=320 (new) e
0'%.0 0.5 1.0 1.5 2.0 2.5 3.0 0'00 2 - 4 6 8
Interaction Step e Number of Reset e
(a) Independent task (b) Independent task
(#. interaction steps) (#. resets)

Figure 8. Learning efficiency under varying reset budgets. We configure a novel scene with a different set of objects (a toy bear and a
plastic bottle) and receptacles (a newspaper and a carpet) from those used in the main experiment. We consider two baselines: standard
episodic training (1" = 80), and periodic reset (1" = 320) with episodic end-effector resets. All models are trained using heuristic task
ordering and evaluated on the training set of object configurations. From left to right: We evaluate independent-task manipulation
relative to total interaction steps (a) and the total number of scene resets (b). Non-episodic baselines achieve superior reset efficiency.
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Put toy bear on newspaper (80159 steps)

Put plastic bottle on carpet (160-239 steps) Put plastic bottle on newspaper (240-319 steps)

Figure 9. Training scene for diverse object-receptacle configurations. We apply the proposed training framework to diverse
object-receptacle pairs within a shared scene, including different objects (toy bear, plastic bottle) and surfaces (carpet, newspaper). This
demonstrates that the framework can be consistently applied across varying object and environment configurations.

C. RF-MTRL Algorithm

Our full algorithm, summarized in Algorithm 1, illustrates the complete training procedure of RF-MTRL. Training progresses
over a continuous interaction stream and is structured around task-switch intervals. At each task switch, the agent may
trigger one or more reset mechanisms according to the specified reset strategies. Environment resets are not tied to episode
terminations, but are instead applied selectively, reflecting the reset-free training protocol under a limited reset budget.

Algorithm 1 Multi-task Reset-Free Reinforcement Learning (RF-MTRL)

1: Input: task set 7, policy 7o, value Vi
2: Input: total interaction steps .S, task switch interval K, update interval U
3: Input: fixed reset interval H, reset budget B
4: (Optional) end-effector reset Ree, unsuitable-state detector Tpaq(s)
5: Initialize environment state so, step counter n <— 0
6: Initialize reset counter b < 0, buffer D « ()
7: whilen < Sand b < B do
8:  Task Switch: sample instruction 7 ~ TASKSCHEDULER(T')
9: fort=1to K do

10: Observe o, and instruction 7

11: Sample action a; ~ o (a | 0¢,T)

12: Step environment: s < f(s, a)

13: Store (o¢, T, at, 1+, ) into buffer D

14: n<n+1

15: if (n mod U) = 0 then

16: Compute returns and advantages using Vi

17: Update policy ¢ and value Vi on D

18: Clear buffer D < 0

19: end if

20:  end for

21:  If end-effector reset enabled then

22: Apply end-effector reset Re.

23:  If unsuitable reset enabled and Iy.q(s) = 1 then

24: reset invisible target; b <— b+ 1

25:  If (n mod H) = 0 then

26: Apply scene reset; b <— b+ 1

27: end while
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D. Hyperparameter details

We detail the training configuration and experiment setup used in our experiments. Table 2 reports the hyperparameters
used across all experiments, covering PPO optimization, the vision-language-action (VLA) model configuration based on
OpenVLA, and additional training settings related to reset-free multi-task learning.

Hyperparameter Value
PPO

PPO epochs per update 1
Clip ratio (¢) 0.2
Discount factor () 0.99
GAE parameter () 0.95
Entropy coefficient 0.0
Gradient accumulation steps 20

Vision-language-Action (VLA) model

Backbone OpenVLA-7B
LoRA rank 32
Optimizer AdamW
Learning rate (VLA backbone) 1x 1074
Learning rate (value head) 3x 1073
Adam 3y, 3, 0.9, 0.999
Action sampling temperature (train) 1.0
Action sampling temperature (eval) 0.6

Other Training Settings

Number of parallel environments 64
Training horizon (steps) 320
Instruction switch interval 80
Training update interval 160

Table 2. Training hyperparameters used in all experiments.

E. Heuristic task ordering

In our experiments, we specify a fixed task ordering: putting the ketchup bottle on the yellow plate — putting the
ketchup bottle on the cloth — putting the kitchen shovel on the yellow plate — putting the kitchen shovel on the
cloth. This ordering ensures that consecutive tasks are different, thereby reducing the likelihood of repeatedly executing an
already successful task.
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F. Training Process

We visualize the training dynamics of reset-free reinforcement learning under three different reset strategies: end-effector
reset, learned scene reset, and heuristic scene reset. Figure 10 illustrates representative training trajectories for each strategy.
These visualizations highlight how different reset mechanisms influence long-horizon interaction, scene stability, and
training continuity in reset-free multi-task settings.

End-Effector
Reset

Learned
Scene Reset

Heuristic
Scene Reset

Invisible Target

Figure 10. Training dynamics under different reset strategies. Visualization of training trajectories under three reset mechanisms:
end-effector reset (top), learned scene reset (middle), and heuristic scene reset (bottom). End-effector reset restores the robot configuration
while preserving the scene state, reducing distributional drift during long-horizon interaction. Learned scene reset alternates between
task execution and explicit reset tasks, restoring scenes without human intervention. Heuristic reset selectively intervenes when the
environment enters unrecoverable states (e.g., targets leaving the workspace), enabling continued training while avoiding excessive resets.

G. Full Experiment Result

In this section, we present the complete set of experimental results, including independent task success rates across all
tasks and evaluation protocols. The results include analyses of learning efficiency under varying reset budgets (Figure 11),
an ablation study of RF-MTRL design choices (Figure 12), robustness to out-of-distribution (OOD) object-receptacle
configurations (Figure 13), and robustness to OOD task sequences (Figure 14).
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Figure 11. Learning efficiency under varying reset budgets (Independent Task). We compare four baselines: standard episodic training
(T = 80), periodic reset (1" = 320) with episodic end-effector resets, and periodic reset with longer horizons (" € {1280, 2560})
combined with heuristic scene resets (HSR) and curriculum learning. All models are trained using heuristic task ordering and evaluated
on the training set of object configurations. Independent task evaluation: each manipulation task is evaluated independently rather than
sequentially within a shared rollout. From left to right: we report success rate as a function of total interaction steps (a) and the total
number of scene resets (b). Non-episodic baselines achieve higher reset efficiency while maintaining comparable learning performance.
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Figure 12. Performance of RF-MTRL approaches (Independent Task). We evaluate the effect of episodic end-effector resets (EER),
curriculum learning (CL), heuristic scene resets (HSR), and learned scene resets (LSR) across four manipulation tasks. All models are
trained for up to 1.3M interaction steps with five random seeds. Columns correspond to different object-receptacle tasks. Top rows show
performance measured by interaction steps, while bottom rows measure reset efficiency with respect to the number of scene resets. Results
are reported on both training configurations and held-out configurations. Combining EER, CL, and scene reset strategies consistently
improves learning stability and reset efficiency across tasks.
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Figure 13. Robustness to OOD object-receptacle configurations (Independent Task). We compare an episodic baseline (7' = 80) with
a non-episodic baseline—periodic reset (1" = 320) with episodic end-effector resets. Both models are evaluated using an independent
task protocol, where each manipulation task is assessed independently rather than sequentially within a shared rollout. Performance is
measured on the training set—consisting of either 64 (top row) or 1 (bottom row) object—receptacle configurations—and on a held-out set
of 64 unseen configurations. When trained on fewer configurations, the periodic reset approach demonstrates stronger out-of-distribution
(OOD) generalization compared to the episodic baseline.
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Figure 14. Robustness to OOD task sequences (Independent Task). We evaluate the impact of heuristic and random task ordering
on learning performance. All models are trained with 7' = 1280 using heuristic scene resets (HSR). Both models are evaluated
using an independent task protocol, where each manipulation task is assessed independently rather than sequentially within a shared
rollout. Columns correspond to different object—receptacle tasks, while rows report results on the training configurations and held-out
configurations. The top half measures success rate with respect to interaction steps, and the bottom half measures reset efficiency with
respect to the number of scene resets. Heuristic task ordering consistently achieves higher success rates and demonstrates improved
robustness to out-of-distribution (OOD) task sequences compared to random ordering.
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