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Fig. 1: Our method introduces an “RL token” into the VLA by training an encoder and decoder to produce a compact and meaningful representation from
a VLA’s internal features. The extracted representation is then used to train lightweight actor-critic networks with sample-efficient online RL, enabling very
precise tasks to be fine-tuned with a few hours or even minutes of robot experience.

Abstract—Vision-language-action (VLA) models can learn to
perform diverse manipulation skills “out of the box,” but achiev-
ing the precision and speed that real-world tasks demand requires
further fine-tuning – for example, via reinforcement learning
(RL). We introduce a lightweight method that enables sample-
efficient online RL fine-tuning of pretrained VLAs using just a
few hours of real-world practice. We (1) adapt the VLA to expose
an “RL token,” a compact readout representation that preserves
task-relevant pretrained knowledge while serving as an efficient
interface for online RL, and (2) train a small actor-critic head on
this RL token to refine the actions, while anchoring the learned
policy to the VLA. Online RL with the RL token (RLT) makes
it possible to fine-tune even large VLAs with RL quickly and
efficiently. Across four real-robot tasks (screw installation, zip
tie fastening, charger insertion, and Ethernet insertion) RLT
improves the speed on the hardest part of the task by up to
3× and raises success rates significantly within minutes to a
few hours of practice. It can even surpass the speed of human
teleoperation on some of the tasks.

I. INTRODUCTION

General-purpose vision-language-action (VLA) models can
learn a wide range of diverse manipulation skills from data. Yet
they often struggle in the last millimeter of execution: motions
can be slow, successful completion may require pauses and
retries, and small errors at critical stages of precise tasks can
compound into failure. A natural way to address this challenge
is to fine-tune VLAs with reinforcement learning (RL). By
practicing on the target task, RL can improve precisely the
stages of the task that are most critical for success, which are

often the stages most sensitive to small errors and the hardest
to cover reliably with demonstrations alone. But real-world
robotics operates under a tight budget: every episode takes
time, every failure consumes effort and wear, and meaningful
adaptation often has to happen within a few hours of practice.

Sample-efficient fine-tuning of VLAs, however, presents
major challenges. On one hand, conventional methods for
RL training of foundation models [1–3] rely on large-scale
data and can be inefficient for rapid online adaptation. On
the other hand, data-efficient real-world RL methods [4, 5]
typically train much smaller models, which can improve within
hours but sacrifice the generalization capabilities of the VLA.
The central question, then, is how to leverage the VLA’s
generalization while achieving the speed and sample efficiency
of lightweight online RL.

We introduce a practical recipe that bootstraps fast online
reinforcement learning with representations obtained from a
pretrained VLA policy. Our key idea is to adapt the VLA so
that it exposes a compact interface that can be used for sample-
efficient online RL. We achieve this by training the VLA to
expose an RL token, a compressed representation that makes
task-relevant pretrained knowledge accessible to a lightweight
online RL policy. Running RL with this RL token (RLT)
creates a simple division of labor: the frozen VLA provides
broad perceptual understanding and action recommendations,
while the lightweight actor and critic adapt the policy to
succeed at the hardest parts of a task online. To make this
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practical in the sample-ef�cient real-world regime, our method
uses a sample-ef�cient online RL algorithm to train the small
actor and critic networks that use the RL token representation,
with an additional regularizer to anchor the actor to the VLA
action, so that online RL re�nes promising behaviors rather
than learning from scratch.

We evaluate RLT on four challenging robot manipulation
tasks that can require millimeter or sub-millimeter precision:
screw installation, zip tie fastening, Ethernet, and charger
insertion. Across these tasks, RLT improves both success rate
and execution speed within a few hours of online training. The
largest gains appear in the critical phases of the tasks, which
require high precision and determine task success, where RLT
speeds up execution by up to 3� and substantially improves
success rates, for example from 20% to 65% for a challenging
screw-insertion task. On one of the most dexterous parts of
our tasks, policies trained with our method can surpass expert
teleoperation speed while maintaining reliability. These results
suggest that combining a VLA model with lightweight online
RL offers a practical path to high-performance manipulation
without extensive task-speci�c engineering.

II. RELATED WORK

Vision-language-action models.Behavioral cloning from
large demonstration datasets has recently emerged as the
dominant paradigm for training generalist robot manipulation
policies (see e.g. [6–11]). Two critical ingredients that have
enabled this success are action chunking [12], which predicts
multiple actions for sequential open-loop execution, and using
expressive output distributions, such as diffusion [13] or au-
toregressive generation [6], that can capture the multimodality
inherent in demonstration data. A further advancement came
from using large pretrained vision-language models as a back-
bone for language-conditioned generalist policies, yielding
vision-language-action (VLA) models [6, 7]. These models
import large web-scale prior knowledge into closed-loop robot
policies. Recent work has combined VLA backbones with
chunked action generation, either via diffusion [8] or autore-
gressive tokenization [14, 15], achieving state-of-the-art gen-
eralist manipulation. While these policies exhibit impressive
generalization capabilities [9, 16], their performance on any
given task is ultimately bounded by the quality and coverage
of the teleoperation data they were trained on—achieving
reliable success on precision-critical tasks remains dif�cult
when demonstrations themselves are noisy or inconsistent.

Real-world reinforcement learning. Reinforcement learn-
ing offers a natural way to go beyond the performance ceiling
of demonstration data: by practicing on a task, the agent
can discover faster, more precise, or more robust strategies
that were never demonstrated. In practice, real-world RL for
robotics operates under tight sample budgets, since every robot
rollout costs time and wear. Off-policy actor-critic methods
(e.g. [17–20]) address this by reusing transitions stored in a
replay buffer, and sample ef�ciency can be pushed further by
increasing the update-to-data ratio [21], though regularization

may be necessary to avoid instability [22]. Crucially, off-
policy methods can also incorporate human demonstration
data to bootstrap learning (e.g. [23]), combining the strengths
of imitation and RL. A growing body of work has devel-
oped practical recipes for deploying RL on physical robots,
including autonomous data-collection pipelines [24], ef�cient
learning frameworks such as SERL [4, 25] and RL100 [5], and
human-in-the-loop variants that allow operators to intervene
and provide corrections during autonomous execution [4].
These systems have demonstrated that off-policy actor-critic
methods, combined with demonstrations and human correc-
tions, can solve contact-rich manipulation tasks within hours
of robot time. However, they typically train small policies from
scratch atop standard pretrained visual encoders (e.g., ResNet),
forgoing the rich behavioral priors available in modern VLA
models. RLT bridges this gap by using a frozen VLA as
both the perceptual backbone and the behavioral prior for a
lightweight online RL policy.

RL �ne-tuning of VLA models. A rapidly growing line of
work studies how to improve a pretrained VLA via RL. These
approaches vary primarily inwhat is updated andhowthe RL
signal is incorporated. At one end of the spectrum, several
methods update the full VLA model. RECAP [3] trains the
entire � �

0:6 model end-to-end using of�ine RL via advantage-
conditioned policy extraction: a distributional value function
estimates per-timestep advantages, and the VLA is trained
on all collected data—demonstrations, autonomous rollouts,
and human interventions—with an optimality indicator that
upweights high-advantage actions. By iterating between on-
robot data collection and of�ine RL updates, RECAP more
than doubles throughput on complex long-horizon tasks such
as espresso making, laundry folding, and box assembly. Other
works apply proximal policy optimization (PPO) or variants
thereof to VLA �ne-tuning (e.g. [1, 26, 27]), though on-policy
methods are dif�cult to extend to real-world RL in a sample-
ef�cient and scalable fashion. At the other end, lightweight
methods avoid updating the full VLA and instead train a small
auxiliary module on top of the frozen model. ConRFT [28]
freezes the VLA encoder and �ne-tunes an action head using a
consistency-based training objective together with a learned bi-
nary reward classi�er, but operates on single-step actions with-
out chunking on short-horizon tasks. Policy Decorator [29]
learns a residual policy whose output is scaled by a hand-tuned
hyperparameter and added to the frozen VLA's prediction, but
has been demonstrated only in simulation with high sample
requirements (on the order of millions of steps). Probe-Learn-
Distill (PLD) [30] pre-trains a critic with Cal-QL [31] on base-
policy rollouts and then learns a single-step residual policy on
top of the frozen VLA, optionally distilling the result back into
the VLA via supervised �ne-tuning. GR-RL [2] takes a multi-
stage approach for specializing a generalist VLA on a long-
horizon shoe-lacing task: it �rst performs of�ine �ltered BC,
and then performs online RL by learning a noise predictor that
steers the frozen VLA's diffusion process in latent space [32].
DSRL [32] similarly operates in the diffusion noise space,
learning a latent policy that modulates the denoising process



to steer actions toward high-return regions.
RLT shares with these methods the goal of improving

a pretrained VLA without the cost of full-model RL, but
differs in several key design choices. First, RLT introduces
an RL token—a compact readout representation trained to
compress the VLA's internal embeddings—that serves as the
state observation for a lightweight actor-critic, preserving the
VLA's pretrained perceptual structure while enabling ef�cient
online learning. Second, RLT operates overchunked actions
aligned with the VLA's native action interface, shortening
the effective decision horizon for temporal-difference learning
under sparse rewards at high control frequencies—in contrast
to single-step methods [28–30] that face a much longer credit-
assignment problem. Third, rather than predicting residuals
or latent noise, the RLT actor is directlyconditioned on the
VLA's sampled reference action chunk and regularized toward
it, turning online RL into local re�nement of a good VLA prior
behavior policy rather than unconstrained search or implicit
modulation of a diffusion process. Together, these choices
enable sample-ef�cient online RL on real robots—improving
both success rate and execution speed within a few hours of
practice.

III. PRELIMINARIES

Vision-language-action models.Large-scale VLA models
learn manipulation behaviors from diverse human demonstra-
tion datasets spanning tens of thousands of hours, in some
cases augmented with non-robot vision-language data [7, 9,
16]. A typical VLA comprises two components: (i) aVLM
backbone, i.e., a vision-language model that encodes multi-
modal inputs (images, language instructions, and propriocep-
tive state) into a shared token sequence, and (ii) anaction
expert, i.e., a diffusion-based module that attends to the back-
bone tokens and generates continuous actions through iterative
denoising. We build on the� 0:6 model [33]. Given up to four
camera images, a language instruction`, and proprioceptive
state sp

t , � 0:6 produces an action sequence (referred to as
an action chunk): ~at :t + H � 1 = ( ~at ; : : : ; ~at + H � 1) 2 RH � d,
a sequence ofH = 50 actions corresponding to 1 s of
control. We write � vla for the chunked policy produced by
the pretrained VLA. In practice, the robot executes only a
pre�x of this chunk open loop (e.g., the �rst 20 steps) before
re-planning from a new observation. Due to the dif�culty of
some tasks (e.g., high-precision tasks) it can be challenging to
collect large amounts of high-quality imitation learning data at
scale for them, limiting the VLA's performance on these tasks.
This motivates the online RL re�nement method we develop
in the next section.

Reinforcement learning and actor-critic methods. We
formulate robot control as a Markov decision process (MDP)
(S; A ; p; r; 
 ), where S is the state observation space,A
is a continuous action space,p(st +1 j st ; at ) denotes the
transition dynamics,r (st ; at ) is the reward function, and

 2 [0; 1) is the discount factor. The goal of RL is to learn
a policy � (at j st ) that maximizes the expected discounted
return:J (� ) = E� � � �

hP T
t =0 
 t r t

i
, where� � (� ) denotes the

trajectory distribution induced by policy� . We assume access
only to asparse binary reward: a human supervisor labels the
end of each episode as success or failure, and we setr T = 1
for success andr T = 0 otherwise. The action-value function
of a policy� is Q� (st ; at ) = E� � � �

hP T
t 0= t 
 t 0� t r t 0

�
�
� st ; at

i
:

In our setting, both policies and critics operate over action
chunks at :t + C � 1 = ( at ; : : : ; at + C � 1) 2 RC � d; where C
denotes the RL chunk length (andH denotes the chunk
horizon predicted by the VLA). We chooseC < H to give the
policy the ability to be more reactive. We de�ne the chunked
policy as � (at :t + C � 1 j st ) together with the corresponding
chunk-level C-step estimate of the valueQ� (st ; at :t + C � 1) =P t + C � 1

t 0= t 
 t 0� t r t 0 + 
 C Ea0� � j st + C [Q� (st + C ; a0)] : We build
on classic off-policy actor-critic methods [17, 19, 34] that
jointly train a stochastic actor� � and a criticQ . Crucially,
learning is off-policy, using transitions stored in a replay
buffer B, regardless of the policy that generated them. This
property is essential in our setting, whereB aggregates data
from the VLA policy, the RL learner, and human teleoperated
interventions.

IV. REINFORCEMENTLEARNING FROM RL TOKEN

Figure 1 summarizes our recipe for enabling fast and stable
online RL from pretrained VLA models with RLT. The core
idea is to maximally utilize the pretrained VLA to improve the
ef�ciency of the RL training process. Training the entire VLA
with online RL could be too compute- and sample-inef�cient
to produce an improved policy in just a few hours. Instead,
we use the frozen VLA to provide the RL state representation,
to supply reference actions and to guide exploration toward
actions close to its own predictions, while still using a small
actor and critic network. We �rst adapt the VLA on a small
amount of task-speci�c demonstration data, both to improve its
initial task policy and to expose an RL token for downstream
RL. We then freeze the VLA and train lightweight off-policy
actor and critic networks online, conditioning on both the
RL token representation and the VLA's reference actions, and
regularize the learned policy to stay close to the VLA model.
Our method turns online RL into local re�nement of promising
behaviors rather than unconstrained search. This design gives
the online RL method the ef�ciency of a small actor-critic
algorithm, while retaining the representation and behaviors of
the pretrained VLA model.

A. Adapting the VLA to expose an RL interface

Sample-ef�cient online RL depends critically on the choice
of state representation. Applying RL directly to the full VLA
model is a poor match for rapid real-world adaptation: the
representation is high-dimensional, and online updates to the
billion-parameter model are both computationally expensive
and sample-inef�cient. At the same time, we would like to
utilize the representation already contained inside a VLA after
pretraining, since it was trained on large-scale web and robotic
data and already contains information useful for generating
actions for many tasks. However, it is generally not obvious
which features from a transformer-based VLA make up a



Fig. 2: Details on RL token extraction. RLT adds an encoder-decoder
transformer to a pretrained VLA. It produces a compressed embedding of
the VLA representation (the RL token). This representation then enables data
and parameter ef�cient �ne-tuning during online RL.

good representation for online RL and the embeddings in each
transformer layer are high-dimensional. Our goal therefore is
to compress the VLA representation into a compact embedding
for RL that preserves task-relevant information while remain-
ing small enough for lightweight online actor-critic learning.

We achieve this by adding anRL token(Fig. 2): a learned
readout embedding that summarizes the VLA's knowledge into
a small vector serving as the RL state. Concretely, we obtain
the RL token from a small additional transformer that we
add to the pretrained VLA. We train this transformer in an
encoder-decoder [35] fashion, with the last input to the encoder
being the RL token. Because the representation for the RL
token must retain enough information to enable the decoder
to reconstruct the inputs, it acts as a bottleneck. Letz =
f (s; `; � vla) denote the �nal-layer token embeddings produced
by the pretrained VLA for states and language instruction
`. The embeddingsz decompose intoz1:M = f z1; : : : ; zM g,
where eachzi corresponds to the embedding for one input
token. We append a learned embeddingerl = e� (<rl> )
to the sequence and process the augmented sequence with a
lightweight encoder transformerg� . The encoder output at the
special-token position, denoted aszrl , is our RL token1

zrl = g�
�
[z1:M ; erl ]

�
M +1 : (1)

A decoder transformerd� with a linear output projection
h� is then trained to autoregressively reconstruct the original
embeddings fromzrl . Let �zi = sg(zi ) denote the stop-gradient

1In our experiments each task has a �xed language instruction, so we
drop language embeddings in this step; the construction applies to all VLA
embeddings in general.

operation applied to VLA embeddings, then the autoregressive
reconstruction objective on the demonstrationsD is given as:

L ro = ED

h MX

i =1




 h�

�
d� ([zrl ; �z1:i � 1])

�
i � �zi




 2

i
: (2)

We train the parameters� on a small task-speci�c demon-
stration dataset with the VLA considered frozen with respect
to L ro, and (optionally) combine it with supervised �ne-tuning
of the VLA (� vla). Afterwards, both� vla and� are frozen, and
online RL operates on the RL token representationzrl .

B. Online RL to re�ne VLA action chunks

After the initial adaptation stage we freeze both the VLA
and the RL token representation. We then train lightweight
actor (� � ) and critic (Q ) networks online. Their inputsx
combine the RL token with any additional information useful
to enable closed-loop control (e.g. the proprioceptive state of
the robot). The critic model estimates the value of the state
and action:Q (x ; a1:C ) 2 R. Notably, rather than generating
actions from scratch, the RL actor� � (�jx ; ~a1:C ) is trained to
re�ne action sequences~a1:C (referred to as action chunks)
proposed by the VLA.

Training the critic. Our critic Q (x ; a1:C ) takes as input
the state and the action chunka1:C . We train the critic
with standard off-policy temporal-difference learning on action
chunk transitions sampled from the replay bufferB:

L Q = E(x ;a1: C ;x 0) �B

h�
Q̂ � Q (x ; a1:C )

� 2
i
;

Q̂ =
CX

t 0=1


 t 0� 1r t 0 + 
 C Ea0� � �

h
Q 0(x0; a0)

i
:

(3)

where the input state isx = ( zrl ; sp), and sp denotes the
proprioceptive state information,zrl(s) denotes the RL token
extracted for states; x0 denotes the next input state;a0 � � �

denotes taking a sample from the RL policy. In practice, we
follow TD3 [19] and  0 are the parameters of the target
network.

Training the RL Policy. Our actor network� � (�jx ; ~a1:C )
produces a Gaussian action distribution over action chunks. It
takes in the input stateand a reference action chunk~a1:C , and
produces the action distribution:

� �
�
a1:C j x ; ~a1:C

�
= N

�
� �

�
x ; ~a1:C

�
; � 2I

�
; (4)

where, as before,x = ( zrl ; sp). Conditioning on~a exposes the
actor directly to the VLA's predicted actions, so that online
RL re�nes a strong initial proposal rather than learning from
scratch. A second bene�t is that the sampled reference chunk
preserves mode information from the VLA's multimodal action
distribution, which would otherwise be dif�cult for a unimodal
Gaussian actor to recover [36]. We further stabilize learning by
regularizing its action toward the reference action. Concretely,
we optimize the actor to maximize critic value while staying
close to the VLA reference chunk~a, similar in spirit to KL-
regularized RL methods (see e.g. [20, 37–40]). This effectively
turns online RL into local action editing around the VLA



generated action distribution, rather than an unconstrained
search over high-dimensional action chunks. The objective for
learning the RL policy is given as

L � (� ) = E s�B
a1: C � � �

h
� Q (x ; a1:C ) + � ka1:C � ~a1:C k2

2

i
;

~a1:C � � vla (� j s; `);
(5)

where the coef�cient� controls how strongly the actor is
regularized towards the sampled VLA action.

Reference action dropout. A practical failure mode of
reference-action conditioning is that the actor may simply copy
~a instead of learning to improve it. This is especially likely
before the critic becomes informative, since both conditioning
on ~a and regularizing towards it encourage the actor to
remain close to the VLA proposal. To prevent this, we apply
reference action dropout: for a random subset of transitions
in each training batch, we replace the reference chunk with
zeros before passing it to the actor. This forces the actor to
maintain an independent action-generation pathway, while still
allowing it to exploit the VLA action distribution whenever the
reference chunk is present. In practice, once the critic provides
useful signal, the actor naturally learns to deviate from the
reference whenever doing so increases predicted value.

V. THE COMPLETE SYSTEM

Algorithm 1 summarizes our full training loop. After an
initial warmup stage to collect episodes with the base VLA
policy, training alternates between collecting experience on
the robot and performing off-policy actor-critic updates from
replay. The replay buffer aggregates VLA warmup data, online
RL rollouts, and optional human interventions. In addition, a
human supervisor provides sparse success/failure labels. The
steps are described in detail below.

Warmup. After training the RL token representation
(Sec. IV-A), we pre-�ll the replay bufferB by rolling out the
VLA reference policy forNwarm environment steps. This gives
the critic an initial learning signal and ensures that online RL
begins from competent VLA behavior.

Rollout. At each action chunk boundary during online
collection, the frozen VLA produces a reference chunk~a1:H

and the RL token module extractszrl . The actor then outputs
an action chunka1:C � � � (� j x ; ~a1:C ). To accelerate learning
of contact-rich or safety-critical behaviors, a human operator
may optionally intervene by providing teleoperated commands
ah

1:C that overwrite the actor output for the duration of the
intervention. When this occurs, the intervention replaces the
VLA reference in the replay buffer. In all cases, each transition
stored inB includes the executed action and the corresponding
reference, enabling the actor to learn from both autonomous
rollouts and human corrections.

Subsampling Action Chunks. While the RL policy uses
an action chunk length ofC, we obtain observations for each
intermediate step. We can thus increase data and improve
learning ef�ciency by storing intermediate steps into the
replay buffer. Concretely we pick a stride of2 and save
transitions corresponding to< x0 ; a0:C >; < x2 ; a2:C + 2 >

Algorithm 1 RLT

Require: Frozen VLA backbonef � vla and VLA action distri-
bution � vla; demo dataD, chunk lengthC, replay buffer
B, warmup stepsNwarm, ratio G, VLA �ne-tuning weight
� , policy constraint� .

1: Train RL token and (optionally) �ne-tune the VLA
2: Train � usingzi = f i (s; `; � vla), zrl = g� ([z1:M ; erl ])M +1 ,

and � vla (only if � > 0).

L ro(� ) = ED

h MX

i =1




 h�

�
d� ([zrl ; �z1:i � 1])

�
i � �zi




 2

i
:

3:

�; � vla = arg min
�;� vla

L ro(� ) + � L vla(� vla)

4: Train RL actor and critic
5: Initialize critic Q and RL Policy� � .
6: for environment stepst = 0 ; C; 2C : : : do
7: Sample VLA reference chunk~at :t + C � 1 � � vla(st ).
8: Form RL statex t = ( zrl(st ); sp

t ).

9: at :t + C � 1  

8
><

>:

ahuman if intervention
~at :t + C � 1 if t < N warm

� � � ( � j x t ; ~a ) otherwise
10: Executeat :t + C � 1 and observer t , st +1 , sp

t +1
11: ~at :t + C � 1  ahuman if intervention
12: Store transition inB: hx t ; at :t + C � 1; ~a; r t ; x t +1 i
13: for g = 1 ; : : : ; G do
14: Sample batch of datab � B .
15: Compute target Q values

Q̂ =
CX

t 0=1


 t 0� 1r t 0 + 
 C Ea0� � �

�
Q 0(x0; a0)

�

16: Train Critic with TD backup (Eq. (3))

L Q ( ) = Eb

h�
Q̂ � Q (x ; a)

� 2
i

17: Train Policya � � � (� j s; ~a) (Eq. (5))

L � (� ) = Eb

h
� Q (x ; a) + � ka � ~ak2

2

i

18: end for
19: end for

; < x4 ; a4:C + 4 >; : : : to the replay buffer. Note that, due
to the off-policy nature of our RL algorithm we can use all
action chunks (including VLA-generated actions and human
interventions).

Update. Policy updates are performed off-policy from the
replay buffer according to Algorithm 1. To remain compute
and time-ef�cient during training, we perform the rollouts and
learning asynchronously. In practice, we perform two critic
updates for each actor update, and begin learning shortly after
the warmup phase. We use a high update-to-data ratio of5,
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