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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
3x 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 methothay be necessary to avoid instability [22]. Crucially, off-
uses a sample-ef cient online RL algorithm to train the smaplolicy methods can also incorporate human demonstration
actor and critic networks that use the RL token representatiatata to bootstrap learning (e.g. [23]), combining the strengths
with an additional regularizer to anchor the actor to the VLAf imitation and RL. A growing body of work has devel-
action, so that online RL re nes promising behaviors ratheped practical recipes for deploying RL on physical robots,
than learning from scratch. including autonomous data-collection pipelines [24], ef cient
We evaluate RLT on four challenging robot manipulatiofearning frameworks such as SERL [4, 25] and'®L[5], and
tasks that can require millimeter or sub-millimeter precisioftuman-in-the-loop variants that allow operators to intervene
screw installation, zip tie fastening, Ethernet, and chargand provide corrections during autonomous execution [4].
insertion. Across these tasks, RLT improves both success rétese systems have demonstrated that off-policy actor-critic
and execution speed within a few hours of online training. Theethods, combined with demonstrations and human correc-
largest gains appear in the critical phases of the tasks, whighns, can solve contact-rich manipulation tasks within hours
require high precision and determine task success, where Reffrobot time. However, they typically train small policies from
speeds up execution by up to 3and substantially improves scratch atop standard pretrained visual encoders (e.g., ResNet),
success rates, for example from 20% to 65% for a challengif@ggoing the rich behavioral priors available in modern VLA
screw-insertion task. On one of the most dexterous partsropdels. RLT bridges this gap by using a frozen VLA as
our tasks, policies trained with our method can surpass expeeth the perceptual backbone and the behavioral prior for a
teleoperation speed while maintaining reliability. These resulightweight online RL policy.
suggest that combining a VLA model with lightweight online RL ne-tuning of VLA models. A rapidly growing line of
RL offers a practical path to high-performance manipulationork studies how to improve a pretrained VLA via RL. These

without extensive task-speci ¢ engineering. approaches vary primarily iwhatis updated andiowthe RL
signal is incorporated. At one end of the spectrum, several
Il. RELATED WORK methods update the full VLA model. RECAP [3] trains the

entire ;. model end-to-end using of ine RL via advantage-
Vision-language-action modelsBehavioral cloning from conditioned policy extraction: a distributional value function
large demonstration datasets has recently emerged as dmates per-timestep advantages, and the VLA is trained
dominant paradigm for training generalist robot manipulatiosn all collected data—demonstrations, autonomous rollouts,
policies (see e.g. [6-11]). Two critical ingredients that hawend human interventions—with an optimality indicator that
enabled this success are action chunking [12], which predicisweights high-advantage actions. By iterating between on-
multiple actions for sequential open-loop execution, and usingbot data collection and ofine RL updates, RECAP more
expressive output distributions, such as diffusion [13] or athan doubles throughput on complex long-horizon tasks such
toregressive generation [6], that can capture the multimodalig espresso making, laundry folding, and box assembly. Other
inherent in demonstration data. A further advancement camerks apply proximal policy optimization (PPO) or variants
from using large pretrained vision-language models as a badhkereof to VLA ne-tuning (e.qg. [1, 26, 27]), though on-policy
bone for language-conditioned generalist policies, yieldingethods are dif cult to extend to real-world RL in a sample-
vision-language-action (VLA) models [6, 7]. These modelsfcient and scalable fashion. At the other end, lightweight
import large web-scale prior knowledge into closed-loop robetethods avoid updating the full VLA and instead train a small
policies. Recent work has combined VLA backbones withuxiliary module on top of the frozen model. ConRFT [28]
chunked action generation, either via diffusion [8] or autordreezes the VLA encoder and ne-tunes an action head using a

gressive tokenization [14, 15], achieving state-of-the-art gegensistency-based training objective together with a learned bi-
eralist manipulation. While these policies exhibit impressiveary reward classi er, but operates on single-step actions with-
generalization capabilities [9, 16], their performance on amut chunking on short-horizon tasks. Policy Decorator [29]

given task is ultimately bounded by the quality and coveragearns a residual policy whose output is scaled by a hand-tuned
of the teleoperation data they were trained on—achievimgperparameter and added to the frozen VLA’ prediction, but
reliable success on precision-critical tasks remains dif cuias been demonstrated only in simulation with high sample
when demonstrations themselves are noisy or inconsistentrequirements (on the order of millions of steps). Probe-Learn-
Real-world reinforcement learning. Reinforcement learn- Distill (PLD) [30] pre-trains a critic with Cal-QL [31] on base-
ing offers a natural way to go beyond the performance ceilifgplicy rollouts and then learns a single-step residual policy on
of demonstration data: by practicing on a task, the agewp of the frozen VLA, optionally distilling the result back into
can discover faster, more precise, or more robust stratediles VLA via supervised ne-tuning. GR-RL [2] takes a multi-
that were never demonstrated. In practice, real-world RL fetage approach for specializing a generalist VLA on a long-
robotics operates under tight sample budgets, since every robotizon shoe-lacing task: it rst performs of ine ltered BC,
rollout costs time and wear. Off-policy actor-critic methodand then performs online RL by learning a noise predictor that
(e.g. [17-20]) address this by reusing transitions stored insteers the frozen VLASs diffusion process in latent space [32].
replay buffer, and sample ef ciency can be pushed further YSRL [32] similarly operates in the diffusion noise space,
increasing the update-to-data ratio [21], though regularizatitegarning a latent policy that modulates the denoising process



to steer actions toward high-return regions. trajectory distribution induced by policy. We assume access
RLT shares with these methods the goal of improvingnly to asparse binary rewarda human supervisor labels the

a pretrained VLA without the cost of full-model RL, butend of each episode as success or failure, and wersetl

differs in several key design choices. First, RLT introducdsr success andy =0 otherwise.r@? action-value fungtion

an RL toker—a compact readout representation trained f a policy isQ (s;;a) = E o= © tre sa
compress the VLAs internal embeddings—that serves as then our setting, both policies and critics operate over action
state observation for a lightweight actor-critic, preserving theyunks ag.sc 1 = (ai;:::;amwc 1) 2 RS 9 where C

VLAs pretrained perceptual structure while enabling ef cienfenotes the RL chunk length (and denotes the chunk
online learning. Second, RLT operates oclunked actions horizon predicted by the VLA). We choo&< H to give the
aligned with the VLAs native action interface, shorteningyjicy the ability to be more reactive. We de ne the chunked
the effective decision horizon for temporal-difference Iearnir@oncy as (act+c 1] St) together with the corresponding
under sparse rewards at high control frequencies—in Contf('jgﬁhnk-level C-step estimate of the val@e (si; a1+ c 1) =

to single-step methods [28-30] that face a much longer cre |t-:;:<i L% tro 4+ CEgo s [Q (Strc:;@9]: We build
assignment problem. Third, rather than predicting residugjg classic off-policy actor-critic methods [17, 19, 34] that
or latent noise, the RLT actor is directhonditioned on the jointly train a stochastic actor and a criticQ . Crucially,
VLA's sampled reference action chunk and regularized towafgaring is off-policy, using transitions stored in a replay
it, turning online RL into local re nement of a good VLA prior pffer B, regardless of the policy that generated them. This
behavior policy rather than unconstrained search or impligitoperty is essential in our setting, wheBeaggregates data

modulation of a diffusion process. Together, these choicggm the VLA policy, the RL learner, and human teleoperated
enable sample-ef cient online RL on real robots—improvingnterventions.

both success rate and execution speed within a few hours of
practice. IV. REINFORCEMENTLEARNING FROMRL TOKEN

1. PRELIMINARIES Figure 1 summarizes our recipe for enabling fast and stable
online RL from pretrained VLA models with RLT. The core

Vision-language-action modelsLarge-scale VLA models . . . . . .
. ; . . idea is to maximally utilize the pretrained VLA to improve the
learn manipulation behaviors from diverse human demonstrg- . L . .
et ciency of the RL training process. Training the entire VLA

tion datasets spanning tens of thogs.ands of hours, in SOth online RL could be too compute- and sample-inef cient
cases augmented with non-robot vision-language data [

]. A typical VLA comprises two components: (i) \ALM to 'produce an improved policy in just a few hours. Instead,

. . we use the frozen VLA to provide the RL state representation,
backbone i.e., a vision-language model that encodes multj- . . .

. . . . .10 supply reference actions and to guide exploration toward
modal inputs (images, language instructions, and propriocep-

. . NI ctions close to its own predictions, while still using a small
tive state) into a shared token sequence, and (iietion %(_:tor and critic network. We rst adapt the VLA on a small

expert i.e., & diffusion-based module that attends to the bac mount of task-speci c demonstration data, both to improve its

bone_tc_Jkens and generates continuous acthns through 'teraﬁ}fﬁal task policy and to expose an RL token for downstream
denoising. We build on theg.s model [33]. Given up to four

; . - . .~ RL. We then freeze the VLA and train lightweight off-policy
camera images, a language instructigrand proprioceptive

state & roduces an action sequence (referred to actor and critic networks online, conditioning on both the
St: 0:6 P q &L 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

control. We Write yia for the_chunked policy produced bybehaviors rather than unconstrained search. This design gives
the pretrained VLA. In practice, the robot executes only A . . ——
the online RL method the ef ciency of a small actor-critic

pre x of this chunk open loop (e.g., the rst 20 steps) before

. X . Igorithm, while retaining the representation and behaviors of
re-planning from a new observation. Due to the dif culty Of’?he pretrained VLA model,

some tasks (e.g., high-precision tasks) it can be challenging to
collect large amounts of high-quality imitation learning data &. Adapting the VLA to expose an RL interface
scale for them, limiting the VLA's performance on these tasks. Sample-ef cient online RL depends critically on the choice

This motivates the online RL re nement method we develog giate representation. Applying RL directly to the full VLA
n thg next section. » model is a poor match for rapid real-world adaptation: the
Reinforcement leaming and actor-critic methods. We o, esentation is high-dimensional, and online updates to the
formulate robot control as a Markov decision process (MDRyjjion_narameter model are both computationally expensive
(S;A;p; r ), where.S is the state _observat|on space, and sample-inef cient. At the same time, we would like to
IS a _cpntmuous _act|on spacg(sm josua) denqtes the utilize the representation already contained inside a VLA after
transition .dynaml(.:s,r(st;at) is the reward func'qon, and retraining, since it was trained on large-scale web and robotic
2 [Q; 1) is the discount fac;tqr. The goal of RL Is to leaffﬁata and already contains information useful for generating
a policy (ac j st) thgt maximizes the expected discounted yiong for many tasks. However, it is generally not obvious
return:J( )= E tzo Tt , where () denotes the which features from a transformer-based VLA make up a

a sequence oH = 50 actions corresponding to 1s of



operation applied to VLA embeddings, then the autoregressive
reconstruction objective on the demonstrati@nss given as:
h oy 2i
Lo = Ep h d ([zn; Z1:i 1])i Zj : 2
i=1

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

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 inputx
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;ai.c) 2 R. Notably, rather than generating
actions from scratch, the RL actor ( jX; a&;.c) is trained to

Fig. 2: Details on RL token extraction. RLT adds an encoder-decoderre ne action sequencess.c (referred to as action chunks)
transformer to a pretrained VLA. It produces a compressed embedding gfoposed by the VLA

the VLA representation (the RL token). This representation then enables data ™~ L " .

and parameter ef cient ne-tuning during online RL. Training the critic. Our critic Q (X;a;:c) takes as input

the state and the action churdg.c. We train the critic
with standard off-policy temporal-difference learning on action
good representation for online RL and the embeddings in eagitnk transitions sampled from the replay bufier
transformer layer are high-dimensional. Our goal therefore is h !
to compress the VLA representation into a compact embedding Lo = Erarex e Q Q (xiac) " ;
for RL that preserves task-relevant information while remain- . i
ing small enough for lightweight online actor-critic learning. = Y lre+ CEp Q o(x%a% :
We achieve this by adding aRL token(Fig. 2): a learned t0=1
readout embedding that summarizes the VLAs knowledge infghere the input state i€ = (z4;s), and sP denotes the
a small vector serving as the RL state. Concretely, we obtgfoprioceptive state informatiom,;(s) denotes the RL token
the RL token from a small additional transformer that wextracted for state; x© denotes the next input Stam?
add to the pretrained VLA. We train this transformer in agenotes taking a sample from the RL policy. In practice, we

encoder-decoder [35] fashion, with the last input to the encodgflow TD3 [19] and © are the parameters of the target
being the RL token. Because the representation for the Rktwork.

token must retain enough information to enable the decoderfraining the RL Policy. Our actor network ( jX;&i.c)
to reconstruct the inputs, it acts as a bottleneck. tet  produces a Gaussian action distribution over action chunks. It

f(s;"; via) denote the nal-layer token embeddings producegikes in the input statend a reference action churds.c, and
by the pretrained VLA for states and language instruction produces the action distribution:

®3)

where eaclhg; corresponds to the embedding for one input arc jX;&ac =N X ac 5 2l (4)
token. We append a learned embeddmg = e (<rl> )
to the sequence and process the augmented sequence w
lightweight encoder transformer . The encoder output at the
special-token position, denoted zg, is our RL token

re, as beforex = (zy; sP). Conditioning ona exposes the
actor directly to the VLAs 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
Zn = g [zamsen] (1) preserves mode information from the VLA's multimodal action
] ) ~_distribution, which would otherwise be dif cult for a unimodal
A decoder transformed with a linear output projection Gayssian actor to recover [36]. We further stabilize learning by
h is then trained to autoregressively reconstruct the origindlyarizing its action toward the reference action. Concretely,
embeddings fronz,. Letz; = sg(zi) denote the stop-gradient,ye gptimize the actor to maximize critic value while staying
1 _ , , close to the VLA reference churg, similar in spirit to KL-
In our experiments each task has a xed language instruction, so Wegularized RL methods (see e.g. [20, 37—40]). This effectively

drop language embeddings in this step; the construction applies to all viIrR i - _ =
embeddings in general. turns online RL into local action editing around the VLA



generated action distribution, rather than an unconstrainflgorithm 1 RLT
search over high-dimensional action chunks. The objective fRequire: Frozen VLA backboné _ and VLA action distri-

learning the RL poliﬁy is given as ) bution j4; demo dataD, chunk lengthC, replay buffer
, : : :
B, warmup stepfNyam, ratio G, VLA ne-tuning weight
- . 2,
L ()= Eaff Q (awc)* kawc auck; , policy constraint .
ai1.c va( §87); 1: Train RL token and (optionally) ne-tune the VLA

(5) 2 Train usingz; = fi(S;"; via), Z0 = 9 ([Zzm ;€nl)m +1

where the coefcient controls how strongly the actor is  and ., (only if > 0).
regularized towards the sampled VLA action. by i

Reference _ac'uon <.jr_op.out..A practical failure mpde of Lo( )= Ep h d (zn;zei 1) ?
reference-action conditioning is that the actor may simply copy :
& instead of learning to improve it. This is especially likely
before the critic becomes informative, since both conditioningg:
on & and regularizing towards it encourage the actor to ; ova=argmin Lio( )+ Luvia( via)
remain close to the VLA proposal. To prevent this, we apply Lo
reference action dropouffor 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 t&
maintain an independent action-generation pathway, while stiff:
allowing it to exploit the VLA action distribution whenever the 7 Sample VLA reference chuné.c.c 1 via(St)-
reference chunk is present. In practice, once the critic provided ~ Form RL stggex: = (zn(st); 5?)-_ . _
useful signal, the actor naturally learns to deviate from the 2 amen if intervention
reference whenever doing so increases predicted value. 9 @u+c 1 8u+C 1 if t<N warm
( jxt;&) otherwise

aorith ] il training | 10:  Executeasi+c 1 and observey, Si+1, Shyg
Algorithm 1 summarizes our full training loop. After an 11:  &ec 1 a™™ jf intervention

|n|t|_al warmup stage to collect episodes Wlth the ba_lse VLA, store transition irB: e B e 108 Tt Xpag i
policy, training alternates between collecting experience on.  tor q=1::::- G do

the robot and performing off-policy actor-critic updates from,. Sample batch of data B .

replay. The replay buffer aggregates VLA warmup data, onling,. Compute target Q values

RL rollouts, and optional human interventions. In addition, a
human supervisor provides sparse success/failure labels. The §= x
steps are described in detail below. B

Warmup. After training the RL token representation
(Sec. IV-A), we pre- Il the replay buffeB by rolling out the . Train Critic with TD backup (Eg. (3))
VLA reference policy folNyarm €nvironment steps. This gives h [
the critic an initial learning signal and ensures that online RL Lo( )= Ep 4 Q (x;a) 2
begins from competent VLA behavior.

Rollout. At each action chunk boundary during online
collection, the frozen VLA produces a reference chinky
and the RL token module extractg. The actor then outputs L()=E Q (x;a)+ ka aki
an action chunlay.c ( j X;&1:.c). To accelerate learning
of contact-rich or safety-critical behaviors, a human operatas: end for
may optionally intervene by providing teleoperated commands: end for
all.. 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 transitigex X4;a4.c+4 >;::: to the replay buffer. Note that, due
stored inB includes the executed action and the correspondibg the off-policy nature of our RL algorithm we can use all
reference, enabling the actor to learn from both autonomoastion chunks (including VLA-generated actions and human
rollouts and human corrections. interventions).

Subsampling Action Chunks. While the RL policy uses  Update. Policy updates are performed off-policy from the
an action chunk length o, we obtain observations for eachreplay buffer according to Algorithm 1. To remain compute
intermediate step. We can thus increase data and imprarel time-ef cient during training, we perform the rollouts and
learning efciency by storing intermediate steps into théarning asynchronously. In practice, we perform two critic
replay buffer. Concretely we pick a stride @ and save updates for each actor update, and begin learning shortly after
transitions corresponding t© Xg;ag:c >;< Xz;az.c+2 > the warmup phase. We use a high update-to-data ratig of

i=1

Train RL actor and critic
Initialize critic Q@ and RL Policy
for environment steps=0;C;2C::: do

V. THE COMPLETE SYSTEM

0
lrto + Can Q O(XO; ao)
to=1

Train Policya h( i s;a) (Eqg. (5) .
[
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