
RL Token Reproduction: Efficient and Accurate VLA
Control via RL Token Representations

Jiayu Yang∗

School of Informatics
Xiamen University

Xiamen, Fujian 361102
jiayuyangai@stu.xmu.edu.cn

Abstract

Achieving fast and precise robotic task execution remains a major challenge in
embodied intelligence. While large pretrained Visual-Language-Action models
provide strong perceptual grounding and task generalization, they often suffer from
low execution speed and sample inefficiency in critical stages of manipulation
tasks. Recent work has proposed token-based online reinforcement learning as a
lightweight mechanism for improving the execution efficiency and success rate of
frozen VLA policies, which extracts a compact representation RL token from a
frozen model and trains a lightweight actor-critic online. This architecture allows
the robot to refine actions efficiently while retaining the semantic and visuomotor
knowledge of the underlying model. Original experiments demonstrate that RLT
increases task success rates by 5-35% and execution speed by 3-4× compared to
baseline policies within minutes to a few hours of online practice, even surpassing
human teleoperation speed in some scenarios. Official ablation studies reveal
that both the RL token and reference-action regularization are critical for these
gains. In this paper, we present a reproduction study of the RL Token framework
and evaluate its effectiveness on the LIBERO-10 benchmark using a lightweight
SmolVLA backbone, observing improvements in success rate and average episode
duration compared to the frozen fine-tuned SmolVLA baseline. Overall, these
findings highlight that compact token-based online RL, combined with structured
action representations and reference-action guidance, is essential for improving
both the speed and accuracy of robotic manipulation.

1 Introduction

Achieving fast, reliable, and precise robotic manipulation remains a central challenge in embodied
intelligence, especially when robots must operate under limited data, sparse feedback, and complex
task dynamics Wen et al. [2025], Kim et al. [2024], Black et al. [2026], Liu et al. [2024], Lu et al.
[2025]. Vision-Language-Action (VLA) models have recently shown strong potential for addressing
this challenge by integrating visual perception, language-conditioned reasoning, and action generation
into a unified policy Brohan et al. [2023], Zhao et al. [2025], Wang et al. [2025]. Through large-
scale pretraining on diverse robotic and multimodal data, these models acquire rich semantic and
visuomotor priors, enabling flexible task specification, broad generalization, and strong zero-shot or
few-shot performance across manipulation scenarios Team et al. [2024], Collaboration et al. [2025],
Li et al. [2024], Wu et al. [2023]. However, despite these advantages, pretrained VLA policies still
face important limitations in practical robotic execution. In particular, frozen VLA models often
struggle with the speed, precision, and sample efficiency required in the critical stages of manipulation
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tasks, such as contact-rich alignment, insertion, or fine motor adjustment, where small errors can
accumulate into task failure Xu et al. [2026], Kim et al. [2025], Yu et al. [2025], Zhang et al. [2026],
Pei et al. [2025].

One key challenge lies in the limited speed and precision of pretrained VLA policies during critical
manipulation stages Kim et al. [2025], Wang et al. [2026], Wen et al. [2025], Pei et al. [2025], Yu
et al. [2025]. Although imitation-learned VLA models provide strong semantic grounding and broad
generalization, their behavior is often bounded by the quality and coverage of demonstration data. As
a result, they may become slow, hesitant, or overly conservative in precision-sensitive phases such as
alignment, insertion, fastening, or contact-rich adjustment Tan et al. [2025], Li et al. [2025], Chen
et al. [2025]. Small errors in pose, force, or timing can lead to repeated probing, increased execution
time, and eventual task failure. Therefore, pretrained VLAs still require online adaptation to achieve
reliable fine-grained manipulation.

Another major challenge is the difficulty of adapting large VLA models with online reinforcement
learning Guo et al. [2025], Liu et al. [2026], Pan et al. [2026]. Directly fine-tuning the entire VLA
policy could improve task-specific behavior, but modern VLA models contain large vision-language
backbones and high-dimensional action modules, making full-model RL computationally expensive
and sample inefficient Jiang et al. [2026], Omaisan and Mohamed [2025], Mitra et al. [2025]. This is
especially problematic in real-world robotics, where each rollout costs physical time, supervision,
and potential recovery effort. Thus, effective adaptation should preserve pretrained VLA knowledge
while enabling lightweight and sample-efficient policy improvement.

A third challenge is that lightweight real-world RL methods often fail to exploit the pretrained
knowledge of VLA models Yu et al. [2026]. Conventional RL systems usually train small policies
from scratch or use standard visual encoders, which improves efficiency but discards the semantic and
visuomotor priors learned by large-scale VLA pretraining Moroncelli et al. [2026]. In sparse-reward,
precision-critical tasks, this can make exploration unstable and inefficient, causing slow learning,
unsafe behaviors, and poor generalization Neary et al. [2025]. Therefore, an effective solution should
combine the adaptability of lightweight online RL with the perceptual and behavioral priors of
pretrained VLAs.

To address these limitations, Xu et al. from Physical Intelligence introduce RL Token (RLT), a
lightweight online reinforcement learning framework for improving pretrained VLA policies Xu
et al. [2026]. RLT freezes the VLA backbone and exposes a compact RL token as an efficient
interface for downstream RL. A small actor-critic module then refines VLA-proposed action chunks,
while reference-action regularization keeps the learned policy close to the original VLA behavior.
This design preserves pretrained semantic and visuomotor priors while enabling sample-efficient
adaptation for precision-critical manipulation.

RLT also adopts a staged and data-efficient training pipeline. It first adapts the VLA with task-specific
demonstrations to expose the RL token, then performs off-policy online RL on top of the frozen
model. By using VLA warmup rollouts, optional human interventions, and critical-phase-focused
training, RLT reduces unnecessary exploration and improves learning under sparse rewards. These
properties make it a practical approach for improving both execution speed and task success in robotic
manipulation.

The main contributions of this paper are summarized as follows:

1. RLT-style adaptation of a frozen SmolVLA backbone. We reproduce the high-level interface
of RL Token (RLT) in an accessible SmolVLA-LIBERO setting. Instead of updating the full VLA
backbone, our method keeps the task fine-tuned SmolVLA policy frozen and uses it as both a
representation provider and a behavioral prior. This allows a lightweight actor-critic module to refine
task-specific actions while preserving the semantic and visuomotor knowledge learned by the base
policy.

2. Construction of a staged replay-buffer and feature-extraction pipeline. We implement a staged
pipeline for RLT-style policy improvement in simulation. We first collect rollouts from the frozen
fine-tuned SmolVLA policy on LIBERO-10 and convert them into transition buffers. We then run
the frozen SmolVLA policy on the buffered observations to extract reference actions and compact
action-latent features. These cached features provide an efficient interface for training a lightweight
residual actor-critic without repeatedly running the full VLA during RL updates.
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3. Evaluation of reference-guided single-step residual action refinement. We evaluate whether
reference-guided residual learning can improve the success rate and execution efficiency of a frozen
SmolVLA policy. Unlike the original RLT system, which operates over action chunks and constructs
RL tokens from full VLA token embeddings, our implementation uses a pooled SmolVLA action-
head latent as an action-latent proxy token and refines single executed 7-dimensional LIBERO
actions. This provides a practical partial reproduction and adaptation of the RLT idea under limited
computational resources.

2 Background

2.1 Vision-Language-Action models

Vision-Language-Action models unify visual perception, language understanding, and robot control
by mapping multimodal observations and task instructions into executable actions Ma et al. [2026],
Sapkota et al. [2026], Din et al. [2025], Shao et al. [2025], Guan et al. [2025]. Recent systems such
as SmolVLA, π0, and π0.5 show that large-scale vision-language pretraining can provide strong
semantic grounding, flexible task specification, and cross-task generalization for robotic manipulation
Black et al. [2026], Shukor et al. [2025], Intelligence et al. [2025]. These models often rely on
imitation learning and generate continuous actions through autoregressive, chunked, flow-matching
or diffusion-based action prediction, enabling them to perform diverse manipulation skills from visual
observations and language commands Brohan et al. [2023], Zhao et al. [2023], Black et al. [2026],
Chi et al. [2024], Kim et al. [2025]. However, despite their strong general-purpose capabilities, VLA
policies are still largely limited by the quality and coverage of demonstration data Zhong et al. [2025],
Zhang et al. [2025]. During precision-critical stages or contact-rich adjustment, frozen VLA models
may produce slow, hesitant, or overly conservative behaviors, and small errors in pose or timing can
accumulate into repeated probing or task failure Huang et al. [2026], Ye et al. [2026]. Moreover,
directly adapting large VLA backbones with online reinforcement learning is often computationally
expensive and sample inefficient Yang et al. [2025], Lu et al. [2026]. These limitations motivate
lightweight adaptation methods that preserve pretrained VLA priors while improving execution speed
and reliability in task-specific manipulation.

2.2 Reinforcement learning

Reinforcement learning (RL) provides a natural mechanism for improving robotic policies beyond the
limitations of imitation learning Gao et al. [2019], Vecerik et al. [2018], Zhu et al. [2018], Jing et al.
[2019], Gu et al. [2016]. By interacting with the environment and optimizing task rewards, an RL
agent can discover faster, more precise, or more robust behaviors that may not appear in demonstration
data Stranghöner et al. [2026], Lei et al. [2026], Luo et al. [2025]. In robotic manipulation, off-policy
actor-critic methods are commonly used because they can reuse past experience through replay
buffers and improve sample efficiency under limited interaction budgets. However, applying RL
to real-world robot control remains challenging: rewards are often sparse, rollouts are costly, and
exploration in high-dimensional continuous action spaces can be unstable or unsafe Haarnoja et al.
[2018], Kalashnikov et al. [2018]. These issues become more severe in precision-critical tasks, where
small errors during contact-rich phases can lead to failure Meng et al. [2026]. Therefore, effective
RL-based adaptation should not learn from scratch, but should instead leverage strong pretrained
priors while refining task-specific behaviors through efficient online interaction.

3 Method

We first review the original RLT formulation, and then describe how we adapt its main interface
to the SmolVLA-LIBERO setting. As the official framework illustrated in Fig. 1, we reproduce an
RL Token-based adaptation pipeline for improving frozen VLA policies on robotic manipulation
tasks. The pretrained VLA first encodes visual observations and language instructions, producing
both a compact RL-token representation and a reference action chunk. A lightweight actor-critic
module then takes the RL token, robot state, and VLA reference action as input, and learns to generate
refined action chunks through off-policy reinforcement learning. Experience collected from VLA
warmup rollouts and online interactions is stored in a replay buffer for iterative policy updates. By

3



Figure 1: Official overview of the RL Token (RLT) framework. RLT freezes a pretrained VLA and
exposes a compact RL token from the VLA’s internal representations. A lightweight actor-critic
policy then uses this token together with the VLA reference action to perform online reinforcement-
learning-based refinement. In our implementation, we follow the same high-level interface but replace
the original full VLA token representation with a pooled SmolVLA action-head latent and evaluate
the method in the LIBERO simulator.

combining frozen VLA priors, reference-guided action refinement, and sample-efficient online RL,
the framework improves task execution speed and success without updating the full VLA model.

3.1 Preliminaries

Modern Vision-Language-Action (VLA) models commonly combine a large vision-language back-
bone with a continuous action-generation module. Representative models such as π0 and π0.5 encode
visual observations, language instructions, and robot proprioceptive states into a shared multimodal
representation, which is then used by an action expert to generate executable robot actions. Formally,
given an observation ot, a language instruction l, and proprioceptive state spt , the VLA backbone
produces a latent representation

ht = fVLM(ot, l, s
p
t ), (1)

where fVLM denotes the pretrained vision-language backbone. Instead of predicting a single action,
these models usually generate an action chunk ãt:t+H−1 ∼ πVLA(· | ht), which contains a sequence
of future actions for temporally coherent execution.

In VLM-flow-based VLA architectures, the action expert generates continuous action chunks through
a flow-matching process conditioned on the multimodal representation. Let a denote the ground-truth
action chunk and let ϵ ∼ N (0, I) be Gaussian noise with the same shape as a. For a flow time
τ ∈ [0, 1], the chunk state is defined as

zτ = (1− τ)ϵ+ τa. (2)

The action expert learns a conditional velocity field vθ(zτ , ht, τ), which predicts the direction that
transports the intermediate action state toward the target action chunk. The flow-matching objective
is

Lfm = Ea,ϵ,τ

[
∥vθ(zτ , ht, τ)− (a− ϵ)∥22

]
. (3)

At inference time, the model starts from random noise and integrates the learned velocity field to
obtain an executable action chunk. This formulation allows VLA policies to model complex and
multimodal action distributions, making them suitable for long-horizon robotic manipulation.

However, since these policies are mainly learned from demonstration data, their execution quality is
often bounded by the coverage, consistency, and precision of the demonstrations. In precision-critical
stages such as insertion, alignment, fastening, or contact-rich adjustment, the generated action chunks
may become slow, hesitant, or insufficiently accurate. Therefore, while VLM-flow-based VLA
models provide strong semantic and visuomotor priors, additional online adaptation is still needed to
improve task-specific speed and reliability.
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3.2 RL Token-Based Adaptation Architecture

We adopt the official RLT architecture as the basis of our reproduction. The key idea of RLT is to
keep the pretrained VLA model frozen and expose a compact representation, called the RL token, as
the interface between the VLA backbone and the downstream reinforcement learning policy. Given
the internal token embeddings of the VLA,

z1:M = fθVLA(ot, l, s
p
t ), (4)

RLT appends a learnable RL token embedding erl to the token sequence and processes it with a
lightweight encoder transformer:

zrlt = gϕ([z1:M , erl])M+1. (5)

The resulting representation zrlt serves as a compact state feature for online RL, preserving task-
relevant visual, linguistic, and action-related information from the frozen VLA.

On top of this RL-token representation, RLT trains a lightweight actor-critic module instead of
updating the full VLA model. The RL state is defined as xt = [zrlt , s

p
t ], where spt denotes the robot

proprioceptive state. The frozen VLA also provides a reference action chunk

ãt:t+C−1 ∼ πVLA(· | ot, l, spt ), (6)

which guides the RL policy. The actor then predicts a refined action chunk conditioned on both the
RL state and the VLA reference action:

at:t+C−1 ∼ πθ(· | xt, ãt:t+C−1), (7)

while the critic estimates the value of the state-action pair: Qψ(xt,at:t+C−1). In this design, the
VLA provides semantic grounding, visual understanding, and an initial action proposal, while the
lightweight RL module locally refines the action to improve task-specific execution.

This architecture turns online reinforcement learning from unconstrained exploration in a high-
dimensional action space into reference-guided refinement around a strong VLA prior. In our
implementation, we preserve the high-level RLT interface but replace the original RL-token recon-
struction module with a pooled SmolVLA action-head latent due to computational constraints.

3.3 Training Procedure

The training process consists of two main stages: RL-token adaptation and online actor-critic learning.
We distinguish between two data sources used in RLT. The first one is a task-specific demonstration
dataset D, which is used to adapt the VLA and train the RL-token representation. In the original
RLT system, D is collected through task-specific teleoperation demonstrations. In our reproduction,
D is constructed from the demonstration trajectories provided by the LIBERO benchmark. Each
trajectory contains visual observations, language instructions, proprioceptive states, and expert action
sequencesD = {(ot, l, spt ,at)}

T
t=1. For chunk-based training, consecutive expert actions are grouped

into action chunks at:t+H−1, which serve as supervised targets for the base VLA policy and provide
the trajectories from which internal VLA embeddings are extracted.

In the first stage, the pretrained VLA is adapted on D to expose an RL-token representation. Given
the internal VLA embeddings z1:M , the RL-token encoder produces a compact representation zrl,
and a decoder is trained to reconstruct the original embeddings:

Lro = ED

[
M∑
i=1

∥∥hϕ (dϕ([zrl, z̄1:i−1])
)
i
− z̄i

∥∥2
2

]
, (8)

where z̄i = sg(zi) denotes the stop-gradient VLA embedding. Optionally, this reconstruction
objective can be combined with supervised VLA fine-tuning on the same demonstration dataset:

ϕ, θVLA = arg min
ϕ,θVLA

Lro(ϕ) + αLVLA(θVLA). (9)

After this stage, both the VLA backbone and the RL-token module are frozen.

The second data source is the online replay buffer B, which is used for reinforcement learning.
Unlike D, the replay buffer is not a fixed demonstration dataset. It is built during interaction with the
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environment. Following the official RLT pipeline, B is first initialized by rolling out the base VLA
policy for Nwarm steps. This warmup stage provides initial transitions generated by a competent
policy, allowing the critic to start learning from meaningful behavior instead of random exploration. In
our LIBERO reproduction, these warmup transitions are collected by executing the frozen SmolVLA
policy in the simulator.

During online rollout, the frozen VLA produces a reference action chunk ãt:t+C−1 and the RL state
is formed as xt = (zrl(ot, l, s

p
t ), s

p
t ). The actor then generates a refined action chunk conditioned

on both the RL state and the VLA reference action at:t+C−1. The refined action chunk is executed
in the environment, producing the next observation and reward. The resulting transition is stored
in the replay buffer ⟨xt,at:t+C−1, ãt:t+C−1, rt, xt+1⟩ ∈ B. In the official real-robot setting, human
intervention can optionally replace the actor output during unsafe or difficult behaviors, and the
teleoperated action is then stored as the executed action and reference action. In our LIBERO
reproduction, the reward is obtained from the simulator success signal. When only terminal success
is available, intermediate rewards are set to zero and the terminal reward indicates whether the task is
completed successfully.

The critic is trained with off-policy temporal-difference learning over action chunks:

LQ = E(x,a,x′)∼B

[(
Q̂−Qψ(x,a)

)2]
, (10)

where

Q̂ =

C∑
i=1

γi−1ri + γCEa′∼πθ
[Qψ′(x′,a′)] . (11)

The actor is optimized to maximize the critic value while staying close to the VLA reference action:

Lπ = Ea∼πθ

[
−Qψ(x,a) + β ∥a− ã∥22

]
. (12)

This reference-action regularization prevents the RL policy from drifting too far from the pretrained
VLA behavior, turning online RL into local refinement rather than unconstrained action search.

During training, RLT alternates between online data collection and replay-based actor-critic updates.
Therefore, the replay buffer B gradually contains three types of data: warmup transitions generated
by the base VLA, refined rollouts generated by the RL policy, and optional intervention transitions.
This construction allows the actor-critic module to reuse all collected experience off-policy while
preserving the behavior prior provided by the frozen VLA. In our reproduction, we follow this overall
training structure while adapting the implementation to the LIBERO benchmark and the SmolVLA
backbone.

3.4 Execution

During execution, RLT uses the frozen VLA policy and the learned RL actor in a closed-loop manner.
At each decision step, the current visual observation, language instruction, and proprioceptive state
are first passed into the frozen VLA backbone. The VLA produces both the RL-token representation
zrlt = gϕ(fθVLA

(ot, l, s
p
t )) and a reference action chunk ãt:t+C−1 ∼ πVLA(· | ot, l, spt ). The RL state

is then formed as
xt = (zrlt , s

p
t ), (13)

and the trained actor generates a refined action chunk conditioned on both the RL state and the VLA
reference action:

at:t+C−1 = πθ(xt, ãt:t+C−1). (14)

The robot executes this refined chunk for a short horizon before receiving a new observation and
replanning. In this way, the policy preserves the high-level semantic and visuomotor priors of the
VLA while allowing the RL actor to make task-specific corrections during execution.

Following the official RLT design, execution can also be focused on the precision-critical phase of a
task. The base VLA policy handles easier stages such as reaching, grasping, or coarse alignment,
while the RL policy is activated during difficult phases such as insertion, fastening, or contact-rich
adjustment. This targeted execution strategy avoids unnecessary RL control over the entire task
and concentrates the learned policy on the stage where speed and precision matter most. In our
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Figure 2: Overview of the Official Experimental Results.

reproduction, we follow the same execution logic on LIBERO tasks, using SmolVLA as the frozen
backbone and applying the learned RL policy to refine the VLA-proposed single-step actions in our
implementation during task execution.

4 Experimentations

4.1 Official Experimental Results

As illustrated in Fig. 2, the original RLT paper evaluates the method on four real-world precision
manipulation tasks: screw installation, zip tie fastening, Ethernet insertion, and charger insertion.
These tasks focus on difficult contact-rich stages such as alignment, insertion, fastening, and rotation,
where pretrained VLA policies often become slow or unreliable. The official system uses π0.6 as
the frozen VLA backbone, which takes multi-view camera observations, language instructions, and
proprioceptive states as input and outputs continuous action chunks. After collecting 1-10 hours of
task-specific teleoperated demonstrations, the authors train the RL-token interface, freeze the VLA,
and perform online actor-critic learning for 400-1000 episodes, corresponding to roughly 15 minutes
to 5 hours of actual robot interaction.

The official evaluation considers both critical-phase and full-task settings. In the critical-phase setting,
evaluation starts directly before the most difficult stage of the task, isolating the part where online
RL is expected to improve performance. In the full-task setting, the base VLA handles easier stages
such as reaching and grasping, while the RL policy is activated during the precision-critical phase.
The paper compares RLT with the frozen base VLA, HIL-SERL, PLD, DSRL, and DAgger. It also
reports ablations that remove the RL token, action chunking, reference-action regularization, or
reference-action pass-through.

The results show that RLT improves both task success and execution speed over the base VLA.
In critical phases, it increases throughput across all four tasks and achieves up to about 3× faster
execution on easier insertion tasks such as Ethernet and charger. On harder tasks such as screw
installation and zip tie fastening, RLT improves both success rate and throughput, and in full-task
evaluation it still provides clear gains over the base policy. Compared with other baselines, RLT
achieves stronger throughput improvement, while ablation results show that the RL token, chunked
action prediction, and reference-action regularization are all important for stable and sample-efficient
learning. These official results motivate our reproduction study on LIBERO, where we evaluate
whether a SmolVLA-based RLT pipeline can provide similar improvements in a benchmark simulation
setting.
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Figure 3: Overview of the Official Ablations.

4.2 Official Ablation Studies

The original RLT paper also conducts ablation studies to analyze the contribution of each component
in the full RLT framework. These ablations are performed in the official real-robot setting and are
not part of our own LIBERO reproduction. We include them here to better understand which design
choices are most important in the original method.

The official study considers four ablated variants. First, w/o RL Token replaces the learned RL-token
representation with a frozen ImageNet-pretrained ResNet-10 encoder. This variant evaluates whether
the compact token extracted from the VLA backbone provides more useful task-relevant information
than a standard visual encoder. Second, w/o Chunk changes the RL policy from chunk-level action
prediction to single-step action prediction with C = 1. This tests the importance of action chunking
for reducing the effective decision horizon in long-horizon manipulation. Third, w/o BC Regularizer
removes the reference-action regularization term by setting β = 0, so the actor is trained only through
the Q-function. Fourth, w/o Pass-Through removes the VLA reference action ã from the actor input,
forcing the RL policy to generate actions only from the state representation.

As illustrated in Fig 3, the official results show that all four components contribute to RLT’s perfor-
mance. Removing the RL token clearly reduces throughput, indicating that the learned token captures
manipulation-relevant structure that is not provided by a generic visual encoder. Removing action
chunking makes the task harder because the critic must propagate sparse rewards over a much longer
horizon, and the single-step variant cannot reliably match the base policy. The largest degradation
comes from removing the BC-style reference-action regularizer. Without this constraint, the actor
must explore the full continuous action space using only gradients from the critic, which makes
learning unstable and causes the learned policy to drift away from the pretrained VLA behavior.

Among the ablations, removing reference-action pass-through has the smallest effect on final per-
formance, but it still slows down learning and leads to more failures during training. This suggests
that the policy can sometimes recover without directly conditioning on the VLA action proposal,
especially on simpler tasks, but the reference action remains important for sample-efficient and stable
learning. Overall, the official ablation study supports the central design of RLT: the RL token provides
an effective state interface, action chunks reduce the effective horizon, and reference-action guidance
stabilizes online actor-critic learning around the pretrained VLA policy.

4.3 Experimental Setup

Our experiments evaluate whether the core idea of RL Token (RLT) can be transferred to an accessible
simulated VLA setting. Specifically, we study whether a frozen, task fine-tuned SmolVLA policy can
be further improved by a lightweight reinforcement-learning module that conditions on a compact
VLA-derived representation and the VLA reference action. We focus on two questions: (1) whether
RLT-style adaptation improves the success rate of a frozen SmolVLA policy on LIBERO tasks,
and (2) whether reference-guided actor-critic learning can reduce slow or hesitant behaviors during
precision-critical execution Shukor et al. [2025].

Shown in Fig 5, we conduct our experiments on the LIBERO-10 benchmark through the LeRobot
platform Liu et al. [2023], Cadene et al. [2026]. The language instructions for all LIBERO-10 tasks
are listed in Appendix C. LIBERO provides standardized language-conditioned manipulation tasks,
making it suitable for controlled evaluation of policy adaptation in simulation. Shown in Fig 4, We

8



put the yellow and white mug in the
microwave and close it

prompts

smolvla
SmolVLM2-500M-Video-Instruct(500M)

action expert
(100M)

noise

Action Chunk

Figure 4: Overview of the SmolVLA.

Figure 5: Overview of the LIBERO-10 Benchmark.

use SmolVLA as the backbone policy instead of the original large-scale VLA used in RLT, because
SmolVLA is publicly accessible and can be fine-tuned and evaluated on consumer-level hardware.
The backbone policy takes visual observations, proprioceptive states, and language instructions as
input, and outputs continuous robot actions. All experiments are implemented in LeRobot and run on
a single NVIDIA RTX 5070 Ti GPU.

Our implementation preserves the main RLT interface: a frozen VLA backbone, a compact VLA-
derived state representation, VLA reference actions, and a lightweight actor-critic module for policy
improvement. However, our implementation differs from the original RLT system in three important
ways. First, the original method constructs an RL token from full VLA token embeddings, while our
SmolVLA interface uses a pooled action-head latent as an action-latent proxy token. Second, the
original RLT actor operates over action chunks, whereas our current transition buffer stores single
executed 7-dimensional LIBERO actions. Third, the original system performs online real-robot
adaptation, while our experiments are conducted in the LIBERO simulator. If additional rollouts are
collected using the updated residual policy and appended to the replay buffer, our setting corresponds

9



to batched online adaptation in simulation; otherwise, the first training round should be interpreted as
offline RLT-style residual learning from a fixed replay buffer.

We first collect rollouts using the task fine-tuned SmolVLA policy and construct a transition buffer
containing observations, actions, rewards, success labels, and next-state information. We then run
the frozen SmolVLA policy on the buffered observations to extract reference actions and compact
action-latent features. The residual actor-critic is trained off-policy from this replay buffer. Further
implementation details, including the mathematical comparison between the original RLT formulation
and our SmolVLA adaptation, are provided in Appendix D. We train the residual actor-critic using
the cached action-latent features, frozen SmolVLA reference actions, robot states, executed actions,
rewards, and next-state features. The actor predicts a residual correction on top of the frozen VLA
reference action, while the critic estimates the value of the executed action under the compact action-
latent representation. Unless otherwise specified, the VLA backbone and the feature extractor are kept
frozen throughout RL training. The main training hyperparameters are summarized in Appendix E.

For evaluation, each LIBERO-10 task is tested over 50 episodes. Success rate is computed as the
fraction of successful episodes according to the LIBERO environment success signal. Each episode
is capped at a maximum horizon of 520 environment steps. We also report average episode duration
to measure execution efficiency. Episode duration is measured in environment seconds and averaged
over all evaluation episodes, including both successful and failed trials. Failed episodes are counted
as failures for success-rate computation and are also included in the duration average, typically with
longer durations because they often terminate at the 520-step horizon. The full evaluation protocol is
described in Appendix E.

Table 1: Per-task success rates on the ten LIBERO-10 tasks.

Task SmolVLA (Fine-tuned) SmolVLA (RLT, Ours)

10-0 16.0% 28.0%
10-1 46.0% 62.0%
10-2 48.0% 56.0%
10-3 84.0% 88.0%
10-4 14.0% 20.0%
10-5 64.0% 74.0%
10-6 66.0% 74.0%
10-7 30.0% 42.0%
10-8 12.0% 24.0%
10-9 44.0% 58.0%

Average 42.4% 52.6%

Table 2: Per-task average episode duration in seconds on the ten LIBERO-10 tasks. Each episode is
capped at 520 environment steps, and failed episodes are included in the average.

Task SmolVLA (Fine-tuned) SmolVLA (RLT, Ours)

10-0 116.6 104.5
10-1 97.8 89.4
10-2 89.2 85.1
10-3 69.4 66.7
10-4 114.0 110.0
10-5 78.0 72.9
10-6 83.3 76.2
10-7 108.8 103.4
10-8 118.4 109.6
10-9 100.5 91.3

Average 97.6 90.9

4.4 Main Results

Table 1 and Table 2 summarize the main results on LIBERO-10. Compared with the fine-tuned
SmolVLA baseline, our RLT-style residual adaptation improves the average success rate from 42.4%
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to 52.6%, corresponding to a gain of +10.2 percentage points. It also reduces the average completion
time from 97.6s to 90.9s, indicating that the adapted policy completes episodes more efficiently.

These results support the central hypothesis of RLT in our SmolVLA-LIBERO setting: a frozen
VLA policy can be improved by training a lightweight actor-critic module on top of compact VLA-
derived representations and VLA reference actions. Rather than replacing or fine-tuning the full VLA
backbone, our method refines the actions proposed by the VLA while keeping the learned policy close
to the supervised VLA prior. This design allows task-specific improvement through reinforcement
learning without updating the full VLA model.

The improvement over the fine-tuned SmolVLA baseline indicates that supervised imitation alone
does not fully optimize execution quality. In particular, the RLT-style residual policy can correct
small action errors, reduce hesitation near contact-rich or precision-critical states, and improve the
timing of execution. These effects are reflected in both higher success rates and shorter completion
times.

5 Discussion and Limitations

Our results suggest that RLT-style adaptation can improve a frozen SmolVLA policy by using the
VLA as both a behavioral prior and a representation provider. The improvements in success rate and
completion time indicate that supervised fine-tuning alone does not fully optimize task execution. In
particular, the residual policy appears useful for correcting small action errors, reducing hesitation
near contact-rich states, and improving the timing of precise manipulation actions. This supports
the main intuition behind RLT: lightweight RL can refine a strong VLA policy without updating
the full backbone. However, our implementation also has several limitations. First, our token is
not the same as the original RLT token. The original method constructs an RL token from full
VLA token embeddings, while our implementation uses a pooled SmolVLA action-head latent as
an action-latent proxy. This representation is compact and efficient, but it may discard visual and
semantic information needed for correcting high-level perception or planning errors. As a result,
our method is likely better suited for local action refinement than for recovering from wrong object
selection or long-horizon reasoning failures. Second, our current actor operates on single executed
LIBERO actions rather than action chunks. This differs from the original RLT formulation, where
chunked actions reduce the effective horizon for sparse-reward RL. The single-step formulation is
simpler and compatible with our collected transition buffer, but it may make credit assignment harder
and limit improvement on long-horizon tasks. Third, our experiments are conducted in simulation
and use a limited amount of rollout data. The initial dataset contains uneven success coverage across
tasks, so low-success tasks may provide insufficient positive examples for stable critic learning. A
closer reproduction would require repeated collect-train cycles using the updated residual policy. Due
to computational constraints, we do not include additional ablations over the latent representation,
reference-action regularization, or residual actor design; these remain important directions for future
validation.

6 Conclusions

We presented a reproduction study of RL Token-based online reinforcement learning for improving
frozen VLA policies in robotic manipulation. By using SmolVLA as the backbone and replacing
the original RL-token representation with a compact action-latent proxy, our reproduced framework
preserves the main reference-guided actor-critic adaptation idea of RLT while remaining feasible
under limited computational resources. Experiments on LIBERO-10 compare our method against
a task fine-tuned SmolVLA baseline in task success rate and average episode duration. These
results and official experiments both suggest that lightweight online RL on top of pretrained VLA
representations is an effective strategy for improving execution efficiency and reliability. Future work
will explore stronger VLA backbones, broader real-world tasks, and more autonomous reward and
intervention mechanisms.
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A Open-Source Artifacts and Supplementary Materials

To further support reproducibility and help readers better understand the project, we provide the
related open-source artifacts and supplementary materials in a Hugging Face repository:

https://huggingface.co/Joeyfully/smolvla_rlt_libero_10

This repository contains the model-related artifacts for our SmolVLA-RLT LIBERO-10 project,
including the trained residual policy components and supporting materials for inspecting the imple-
mentation. In addition, the repository includes the project presentation slides, which provide a more
accessible overview of the motivation, system design, implementation pipeline, experimental setup,
result analysis, and additional qualitative observations.

The slides also contain several case-study videos that are not included in the main paper due to space
and formatting constraints. These videos illustrate different closed-loop behaviors, including cases
where the frozen SmolVLA policy fails while the RLT-style residual policy succeeds, cases where
both policies fail but the residual policy makes more task progress, and cases where the residual
branch locally corrects the base policy but cannot fully override an incorrect high-level intention.

While the main paper focuses on the technical method and quantitative results, the Hugging Face
repository provides additional implementation artifacts, qualitative demonstrations, and open-source
evidence for the reported system.

B Official RLT Algorithms

Algorithm 1 Training Procedure of RLT
Require: Pretrained VLA πVLA, demo dataset D, replay buffer B
Require: Chunk length C, warmup steps Nwarm, update ratio G
Require: Regularization weight β
Ensure: RL token module ϕ, actor πθ, critic Qψ

1: /* Stage I: RL Token Adaptation */
2: for iterations do
3: Sample demonstrations from D
4: Extract VLA embeddings z1:M
5: Obtain RL token zrl ← gϕ([z1:M , erl])M+1

6: Train ϕ with reconstruction loss Lro

7: end for
8: Freeze πVLA and ϕ
9: /* Stage II: Online RL Fine-Tuning */

10: Initialize actor πθ and critic Qψ
11: Fill B with Nwarm VLA rollouts
12: for environment steps do
13: Observe state st and form xt = (zrl(st), s

p
t )

14: Sample VLA reference chunk ãt:t+C−1 ∼ πVLA(·|st, l)
15: Sample refined chunk at:t+C−1 ∼ πθ(·|xt, ãt:t+C−1)
16: Execute at:t+C−1 and store transition in B
17: for g = 1 to G do
18: Sample batch (x,a, ã, r, x′) from B
19: Update critic with TD loss LQ
20: Update actor with

Lπ = −Qψ(x,a) + β∥a− ã∥22
21: end for
22: end for
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Algorithm 2 Execution Procedure of RLT
Require: Frozen VLA policy πVLA, trained RL token module gϕ, trained actor πθ
Require: Language instruction l, chunk length C, maximum steps T
Require: Critical-phase indicator IsCritical(·)
Ensure: Executed robot trajectory

1: Initialize environment and observe initial state s0
2: for t = 0 to T with step size C do
3: Observe visual input ot and proprioceptive state spt
4: Extract VLA embeddings:

z1:M ← fθVLA(ot, l, s
p
t )

5: Obtain RL token:
zrlt ← gϕ([z1:M , erl])M+1

6: Form RL state:
xt ← (zrlt , s

p
t )

7: Sample VLA reference action chunk:

ãt:t+C−1 ∼ πVLA(· | ot, l, spt )

8: if IsCritical(st) then
9: Refine the VLA action chunk with the RL actor:

at:t+C−1 ← πθ(xt, ãt:t+C−1)

10: else
11: Use the base VLA action chunk:

at:t+C−1 ← ãt:t+C−1

12: end if
13: Execute at:t+C−1 in the environment
14: Receive new observation st+C
15: if task succeeds or fails then
16: break
17: end if
18: end for

C LIBERO-10 Task Instructions

Table 3 lists the language instructions used for the LIBERO-10 evaluation tasks. These instructions
are used both by the frozen SmolVLA policy and by our RLT-style feature extraction pipeline to
condition the policy on the target manipulation task.

Table 3: LIBERO-10 task instructions used in our experiments.

Task ID Language instruction

0 put both the alphabet soup and the tomato sauce in the basket
1 put both the cream cheese box and the butter in the basket
2 turn on the stove and put the moka pot on it
3 put the black bowl in the bottom drawer of the cabinet and close it
4 put the white mug on the left plate and put the yellow and white mug on the

right plate
5 pick up the book and place it in the back compartment of the caddy
6 put the white mug on the plate and put the chocolate pudding to the right of the

plate
7 put both the alphabet soup and the cream cheese box in the basket
8 put both moka pots on the stove
9 put the yellow and white mug in the microwave and close it
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D Implementation Details of the RLT-style SmolVLA Adaptation

This appendix describes the mathematical differences between the original RLT formulation and our
SmolVLA-based implementation.

In the original RLT formulation, the VLA produces final-layer token embeddings z1:M , illustrated in
the original paper as N × 2048 VLA/image embeddings. RLT appends a learned special token erl to
this sequence and processes the augmented sequence with a lightweight encoder transformer:

zrl = gϕ([z1:M , erl])M+1.

A decoder transformer is then trained to reconstruct the original VLA embeddings from zrl:

Lro = ED

[
M∑
i=1

∥hϕ(dϕ([zrl, z̄1:i−1]))i − z̄i∥22

]
,

where z̄i = sg(zi) denotes a stop-gradient VLA embedding. The original method may optionally
combine this stage with supervised VLA fine-tuning. After this stage, both the VLA and the RL-token
module are frozen, and the lightweight actor-critic operates on the extracted RL token.

Our SmolVLA implementation does not expose the same full VLA token sequence used in the
original RLT system. We therefore extract a compact action-head latent representation from the
frozen SmolVLA policy:

ht = Pool(Hact
t ) ∈ R480,

where Hact
t denotes the hidden representation immediately before the SmolVLA action output

projection. In our implementation, this representation is obtained by hooking the input to the
SmolVLA action output projection and applying pooling. We use this vector directly as a pseudo RL
token, or, in the learned-token variant, as the input to a lightweight bottleneck autoencoder:

zt = Eϕ(ht), ĥt = Dϕ(zt),

with reconstruction loss
Lrec = ∥Dϕ(Eϕ(ht))− ht∥22.

Thus, our token should be interpreted as an action-latent proxy for the original RLT token, rather than
a full VLA image-token or multimodal-token representation.

The original RLT actor outputs a Gaussian distribution over action chunks and is conditioned on the
VLA reference chunk ã1:C :

πθ(a1:C | x, ã1:C) = N
(
µθ(x, ã1:C), σ

2I
)
,

where x = (zrl, s
p) combines the RL token and proprioceptive state. The actor is trained to maximize

the critic while staying close to the VLA reference chunk:

Lπ(θ) = E
[
−Qψ(x, a1:C) + β∥a1:C − ã1:C∥22

]
.

The original method additionally applies reference-action dropout during actor training, replacing the
reference chunk with zeros for a subset of samples to prevent the actor from merely copying the VLA
proposal.

Our current transition buffer stores single executed LIBERO actions rather than C-step action chunks.
We therefore instantiate the same reference-guided refinement principle as an explicit residual policy
over the executed 7-dimensional action:

at = clip
(
areft +∆θ(zt, st, a

ref
t )
)
.

This makes our method a single-step residual approximation of the original chunked RLT actor.

The original RLT system alternates real-robot data collection and off-policy actor-critic updates. Our
experiments perform this idea in the LIBERO simulator. We first collect a replay buffer using the
fine-tuned SmolVLA policy:

D0 = Collect(πVLA).

We then train the actor and critic off-policy:

θk, ψk = Train

(
k−1⋃
i=0

Di

)
.
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The resulting policy is
πk(ot) = clip

(
areft +∆θk(zt, st, a

ref
t )
)
.

If the updated policy is deployed to collect additional rollouts,

Dk = Collect(πk),

the procedure becomes batched online adaptation in simulation. If only D0 is used, the experiment
should be interpreted as offline RLT-style residual learning.

E Implementation, Training, and Evaluation Details

This appendix provides additional implementation details for our SmolVLA-based RLT-style adapta-
tion pipeline, including replay-buffer statistics, feature-cache statistics, actor-critic training configura-
tion, and the evaluation protocol.

E.1 Dataset and Feature Cache Statistics

Table 4 summarizes the replay buffer and feature cache used in our experiments. We first collect
rollouts from the task fine-tuned SmolVLA policy on LIBERO-10. The collected rollouts are
converted into transition shards, and the frozen SmolVLA policy is then used to extract reference
actions and compact action-latent features for each transition. Each feature transition stores the
executed action, the frozen SmolVLA reference action, robot state, reward, success signal, next-
state information, and a 480-dimensional pooled action-head latent feature. The final feature cache
occupies 434 MB across 307 shards.

Table 4: Replay buffer and feature cache statistics.

Statistic Value

Benchmark suite LIBERO-10
Number of tasks 10
Rollout episodes 500
Successful episodes 212
Total frames 209,612
Total transitions 209,112
Overall baseline success rate 42.4%
Action dimension 7
State dimension 16
Feature dimension 480
Feature dtype bfloat16
Feature source pooled SmolVLA action-head latent
Pooling method mean pooling
Saved next features yes
Number of feature shards 307
Feature cache size 434 MB

Table 5 reports the per-task rollout statistics. The dataset is not uniformly balanced in terms of
successful episodes: some tasks, such as task 3, task 5, and task 6, have relatively high baseline
success rates, while task 0, task 4, and task 8 contain fewer successful rollouts. This imbalance
is important for interpreting the learning results, since low-success tasks provide fewer positive
examples for critic learning.

E.2 Actor-Critic Training Details

Table 6 summarizes the actor-critic training configuration. Since the cached features are compact,
actor-critic training is lightweight compared with VLA inference or feature extraction. During this
stage, the SmolVLA backbone and feature extractor are kept frozen. The actor receives the compact
action-latent feature, robot state, and frozen SmolVLA reference action as input, and predicts a
bounded residual correction. The critic receives the compact action-latent feature, robot state, and an
action, and predicts the corresponding action value.
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Table 5: Per-task rollout statistics for LIBERO-10.

Task ID Transitions Success Episodes Success Rate

0 24,694 8 / 50 16.0%
1 20,985 23 / 50 46.0%
2 19,383 24 / 50 48.0%
3 14,719 42 / 50 84.0%
4 24,396 7 / 50 14.0%
5 16,717 32 / 50 64.0%
6 17,761 33 / 50 66.0%
7 23,467 15 / 50 30.0%
8 25,526 6 / 50 12.0%
9 21,464 22 / 50 44.0%

Table 6: Actor-critic training configuration.

Hyperparameter Value

RL algorithm offline residual actor-critic
Actor input zt, st, a

ref
t

Critic input zt, st, at
Token representation pooled SmolVLA action-head latent
Token dimension 480
State dimension 16
Action dimension 7
Optimizer Adam
Actor learning rate 3× 10−4

Critic learning rate 3× 10−4

Replay buffer size 209,112 transitions
VLA backbone frozen
Feature extractor frozen
Training device NVIDIA RTX 5070 Ti

The actor is trained as a reference-guided residual policy. Given the frozen SmolVLA reference action
areft , the actor predicts a residual correction ∆θ(zt, st, a

ref
t ). The final policy action is computed as

at = clip
(
areft +∆θ(zt, st, a

ref
t )
)
,

where clipping is applied to keep the action within the valid action range. The residual clipping range
limits the magnitude of the learned correction and prevents the adapted policy from drifting too far
from the frozen VLA proposal.

The actor objective follows the reference-guided refinement principle used in RLT. In addition to
maximizing the critic value, we regularize the learned action toward the behavior action and penalize
overly large residual corrections:

Lπ = E
[
−Qψ(zt, st, at) + β∥at − adatat ∥22 + λ∆∥∆θ(zt, st, a

ref
t )∥22

]
,

where adatat is the action stored in the replay buffer and λ∆ = 0.05 is the residual regularization
weight. This design preserves the supervised VLA prior while allowing reinforcement learning to
correct local action errors.

E.3 Evaluation Protocol

Each LIBERO-10 task is evaluated over 50 episodes. We use the task success signal returned by the
LIBERO environment to compute binary episode success. For task i, the success rate is computed as

SuccessRatei =
N success
i

N eval
i

,
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where N eval
i = 50 for each task. The overall success rate is computed as the average success rate

across all ten LIBERO-10 tasks:

SuccessRateavg =
1

10

9∑
i=0

SuccessRatei.

We also report average episode duration as a measure of execution efficiency. Each evaluation episode
is capped at a maximum horizon of 520 environment steps. An episode terminates early if the task
succeeds; otherwise, failed episodes may run until the 520-step limit. Therefore, the duration metric
is averaged over all evaluation episodes, including both successful and failed trials:

Ti =
1

N eval
i

Neval
i∑
j=1

Ti,j .

Here, Ti,j denotes the recorded duration of episode j for task i. Failed episodes are counted in the
success-rate calculation and are also included in the duration average. Since failed episodes often
terminate only at the maximum horizon, this metric reflects both execution speed and failure behavior.
The average duration is computed by averaging the per-task durations across all ten LIBERO-10
tasks.

During evaluation, the SmolVLA backbone remains frozen and no actor–critic updates are performed.
The baseline SmolVLA policy is evaluated under the same LIBERO task definitions, trial count, and
520-step episode horizon as our RLT-style residual policy. This ensures that differences in success
rate and average duration are attributable to the residual adaptation module rather than to changes in
the backbone VLA model or evaluation protocol.

F Rebuttal

No additional changes are required because the comments are based on incorrect premises or have
already been addressed.

Figure 6 illustrates the reviewers’ comments on the paper. Below is our rebuttal.

Reviewer Xingyi Liu:

Comment 1:

Thanks for the reviewer’s advice. We respectfully disagree that the NeurIPS 9-page limit should be
applied as a strict evaluation criterion for this course project unless explicitly required by the course.
Our paper documents a adaptive RLT reproduction. These details are necessary for reproducibility
and technical clarity. The length itself should not be considered a technical weakness.

Comment 2:

The citation style used in the paper follows a common NeurIPS convention. Unless the course
specifies a mandatory citation format, this should be considered a minor formatting preference rather
than a scientific limitation.

Comment 3:

The introduction is only slightly longer than one page, which is within the normal range for a technical
paper. Therefore, we do not consider its length to be excessive. The background is necessary because
the project combines important issues of VLA and a brief introduction to the architecture. Removing
this context would make the paper less accessible rather than more concise.

Reviewer Siyuan Wu:

Comment 1:

Thanks for the reviewer’s advice. But this comment is based on a misunderstanding of our evaluation
protocol. LeRobot evaluation uses seeded environment rollouts, and different evaluation episodes
correspond to different environment initializations. Thus, our reported success rates already aggregate
performance over many evaluation episodes rather than a single deterministic rollout. In this sense,
the evaluation is effectively performed over multiple evaluation seeds. You probably mean you want
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me to use several fixed seeds for evaluation. However, given the time and compute constraints of this
course project, this requirement is not realistic and is not necessary for supporting our main claim.

Comment 2:

This point has already been addressed in the paper. We explicitly discuss the differences between the
original RLT system and our SmolVLA-LIBERO adaptation. In particular, the original RLT paper
uses a different VLA backbone, different robots, different real-world precision manipulation tasks,
full VLA-token representations, chunk-level action refinement, and online actor-critic training. In
contrast, our work uses SmolVLA, LIBERO-10 simulation, pooled action-head latent features, offline
residual actor-critic learning, and single-step residual action correction.

The two experiments are not conducted on the same robot platform, benchmark, VLA backbone,
action representation, or training regime. Because of these fundamental differences, a direct numerical
comparison between the official RLT results and our results would not be scientifically meaningful.
The original RLT results serve as conceptual motivation and methodological reference, while our
experiments evaluate whether the same high-level idea can be adapted to an accessible SmolVLA-
LIBERO setting.

Reviewer Kai Yun:

Comment:

Thank you for the advice. However, this comment is based on an incorrect premise. Our evaluation is
not performed on a single task. We evaluate on LIBERO-10, which contains ten manipulation tasks,
and each task is evaluated over 50 closed-loop episodes. Since both the frozen SmolVLA baseline
and our SmolVLA-RLT policy are evaluated under this protocol, one full comparison contains 1000
closed-loop rollout episodes. The concern that the robot may be initialized in an unusually easy
position is therefore already addressed by the evaluation design. Different rollout episodes use
different evaluation seeds and environment initializations, and both policies are tested under the same
task suite and evaluation protocol. Thus, the reported improvement is not the result of one lucky
initialization.
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Figure 6: Overview of the reviewers’ comments.
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