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Fig. 1: RECAP enables training VLAs with reward feedback and interventions. Our system starts with a pre-trained VLA that incorporaidsantage
conditioning allowing the model to learn effectively from real-world experience. For each task, we deploy the model and collect both autonomous rollouts and
online human corrections. We then ne-tune the value function on this online data, improving its estimates of how actions in uence performance. Fine-tuning
and conditioning the VLA on these updated advantage estimates in turn improves policy behavior.

Abstract—We study how vision-language-action (VLA) models we can exibly specify tasks for generalist robots through
can improve through real-world deployments via reinforcement prompts. But just like people, these models will need to
learning (RL). We present a general-purpose method, RL with - 5 cticea skill to achieve mastery. This means leveraging not

Experience and Corrections via Advantage-conditioned Policies .
(RECAP), that provides for RL training of VLAS via advantage only on demonstration data, but also autonomously collected

conditioning. Our method incorporates heterogeneous data into €Xperiential data that allows the policy to correct the mistakes
the self-improvement process, including demonstrations, data that it actually makes in deployment, improve speed and
from on-policy collection, and expert teleoperated interventions robustness beyond the level of human teleoperation, and adapt
provided during autonomous execution. FECAP starts by pre- 4 new deployment conditions. The foundations of learning

training a generalist VLA with of ine RL, which we call 4., th h aut Hi f lized with reinf
that can then be specialized to attain high performance on rough autonomous practice, as formalized with reinforce-

downstream tasks through on-robot data collection. We show ment learning (RL) {], have been known for decades, but
that the ,.¢ model trained with the full RECAP method can instantiating these principles in a general and scalable robotic
fold laundry in real homes, reliably assemble boxes, and make learning system presents signi cant challenges: designing
espresso drinks using a professional espresso machine. On SOMcalable and stable RL methods for large models, handling
of the hardest tasks, FecAp more than doubles task throughput heterogeneous data from different policies, and setting up RL
and roughly halves the task failure rate. . : : '
training with reward feedback in the real world, where reward
. INTRODUCTION signals might be ambiguous or stochastic.
It's amazing what you can learn if you're not afraid to try. In this paper, we presentEBRAP, a method that enables
Robert A. HeinleinHave Space SUt-Will Travel VLA modgls_ to ipco_rporate reward fge_dback in all stages
of the training pipeline, from pre-training all the way to
Practice makes perfect: while people are remarkably exiblkeaining on data from autonomous executionedApP aims
in acquiring new skills, mastery invariably requires learningp address this problem with a general-purpose recipe that
from repeated attempts. With general-purpose robotic foundambines demonstrations, autonomous experience, and expert
tion models, such as vision-language-action (VLA) modelsjterventions. Starting from the training recipe for a general-
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Fig. 2: Some of the tasks learned by RCAP. .4 trained with RECAP can make espresso drinks, assemble cardboard boxes, and fold diverse and realistic

laundry with a high success rate. Each task involves realistic variability — attened unfolded boxes stick together and bend, making espresso drinks requires
pouring liquids, and folding laundry requires generalization to a wide range of clothing items.
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purpose VLA and training on diverse data from many differershow, for the rst time, that a general-purpose reinforcement
robotic platforms, RCAP rst pre-trains the VLA with of ine  learning recipe with human reward feedback and interventions
RL, followed by additional training on data collected througlan signi cantly improve both the robustness and throughput
deployments. During these deployments, the robot receivasvVLA models with experience collected through deployment.
(sparse) reward feedback based on the outcome of each trial,
and potentially additional expert interventions that correct Il. RELATED WORK
mistakes. The training process follows an ofine RP, [3] Policies trained with imitation learning are known to suffer
recipe: we train a value function that evaluates progress towafém compounding errors7] and, at best, can only be as
successful task completion, and then use this value functigerformant as the demonstration data. The goal of this work
to estimate the advantage of each action in the dataset. iByto improve the reliability and speed of vision-language-
conditioning the policy on an improvement indicator based aittion policies by going beyond imitation learning from of ine
this advantage], we can obtain an improved policy. Figute demonstrations. Prior works have used online interventions to
provides a high-level overview of ECAP. improve robotic manipulation policie§11]. We adopt a form

We can use RcAP to train policies for complex tasks, of such interventions, called human-gated DAgg&®, [17].
such as folding diverse laundry, assembling boxes, or makihg contrast to these works, our method uses both expert
espresso drinks. We illustrate some of these tasks in Figuranterventions and fully autonomous experience, resulting in
The method starts by pre-training thg.s model with ofine an RL-based framework that integrates multiple data sources.
RL on a diverse multi-task and multi-robot dataseg.; is There is a large body of work on using RL for autonomous
an adaptation of the ¢.¢ model for RL, and ¢.s is an improvement of robotic manipulation policies &21], in-
improvement on .5 [5], adding a larger backbone and moreluding methods using diffusion-based policie=-§24], in
diverse conditioning q]. . adds the ability to condition multi-task settings 45, 26], and using pre-trained multi-task
on binarizedadvantagevalues, which makes it possible topolicies [27-29]. Unlike these works, we study how to scale
incorporate a value function to improve the policy. After prereal-world RL to large VLA policies for long-horizon, ne-
training o. netunes the 4., model to a downstream taskgrained manipulation tasks.
with demonstrations, and then performs one or more iterationsMany recent works have studied how to improve a base
of on-robot data collection to improve the model with RLVLA model through RL. Several works directly apply the
Training (. with RECAP on autonomous experience morgroximal policy optimization (PPO) algorithm and variations
than doubles the throughput on some of the hardest tasksreof to VLA ne-tuning [30-34], yielding approaches that
and can decrease failure rates by &r more. This enables are dif cult to extend to real-world RL in an efcient and

0.6 to reach practically useful levels of robustness: we weggalable fashion. Another line of research has explored RL
able to run it to make espresso drinks for 13 hours straightie-tuning on top of pre-trained VLA models, where RL
fold novel laundry items in a new home for over two hourgither trains a residual policy3p, 36], ne-tunes an action
without interruptions, and assemble boxes that are used Farad network §7], selects or re nes actions proposed by the
real packaging in a factory. VLA [ 3840, or optimizes a policy acting in the noise space

While Recap is based on individual algorithmic compo-of a diffusion-based VLA {1]. Some of these works have also
nents that have been explored in prior works, the particulexplored ways to distill the learned behavior back into the
combination of these components is novel, and the restkA for end-to-end iterative improvemengj, 36, 38, 42].
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These prior works generally use discrete actions or simple( ) = p(0p) tT:ol (atjo)p(0r+1 jor; a).t The reward
Gaussian continuous action distributions. A critical distinctiofunction is given byr(o¢;a;), and we abbreviate it t@,

is that we train an entire VLA end-to-end using (iteratedp shorten notation, wherer is the terminal reward. We
ofine RL, with an expressive ow matching VLA model. can de ge the discounted cumulative reward, or return, as

L . . _ T .

This is made possible by a simple and scalable advantag- )= ., r« (we do not use a discount factor, though one
conditioned policy extraction method, which removes much ebuld easily be added). The goal of RL is to maximize the
the complexity of using policy gradient style objectives witltumulative reward (or return) Ilgarmng a policy that maximizes

large VLA models. In our comparisons, we show that thi$ ( )= E [R()]= [ (5 rt]- The valug function

signi cantly outperforms a more traditional policy gradienfor a policy is then de ned asV (o) = E .. I tT (el

based extraction scheme. We can then caIcuIaqg anNadvantage value for an aetjcas
t+

More closely related to BRCAP in terms of methodology, A (ot;a) = E ([ ooy feo+ V (0+n)]  V (01),
a number of prior works have integrated value functiorgorresponding to an n-step estimate.
and end-to-end RL training of VLAs on real roboté3f Regularized reinforcement learning.Instead of maximizing

]. For example, Huang et al.4f] apply calibrated Q- J ( ), it is common to use regularization in RL, optimizing
learning to an of ine demonstration dataset for grasping tasker a policy that maximizes reward while remaining close
without an online improvement phase. Zhang et al use to some reference policy ef [66-7C]. This is important,
direct preference optimization (DPO) to optimize pick-andor example, when we want to train for many gradient
place skills from human preferences, using online rollougteps on the same data, in which casg typically cor-
from a VLA. Finally, Zhai et al. {5], Ghasemipour et al. responds to the behavior policy that collected the training
[46] use PPO and REINFORCE respectlvely with time-todata. Tliys can be formalized via the objectidd ; () =
completion value functions to train VLASs for tasks like moving= [ = 'ri Eo [D( (jo)k ref(jO))]; where
a bowl, unfolding a mat, and pushing objects on a tabl®. denotes some divergence metric. For the case where
In contrast to these prior works, we describe an iterat& is the KL divergence, we have the well-known result
ofine RL framework for VLAs with multiple advantages. that ~(ajo) / #(ajo)exp(A =(0;a)= ) is the solution to
First, our method supports high-capacity diffusion and owmax J(; re), With Lagrange multiplier [67-70]. Our
based VLAs, unlike the discrete-action models studied advantage-conditioned policy extraction method is based on
prior works. Second, we avoid the need for on-policy PP® closely related but less well-known result: if we de-
or REINFORCE by using an advantage conditioning strategye the policy ~(ajo) / re(@qp(ljA ~(0;a)) , where
for policy extraction, which can utilize all prior (off-policy p(I jA ~(0;a)) = g(A *(0;a))= g(A ~(o; a‘)))da0 is the
or ofine) data. Lastly, our evaluation consists of complexprobability of any actiora improving over ¢ as measured
dexterous, and temporally extended tasks, where our methmyoda monotonically increasing functiay then” is guaranteed
increases throughput by about 2vhile handling deformable to improve over (¢, i.e.,J (*) J ( re) [4, 71]. We will use
objects, liquids, and multi-stage tasks. this property in deriving our policy extraction method in Sec-

Prior works have explored the idea of conditioning th#éon IV-B.. Using this de nition we can then obtain a paramet-
pohcy on rewards, values, and advantagur [ ] mc]udmg ric pO'le from the closed form de nition of* by SoIving the
methods that use classi er-free guidaneg. We extend this following minimization problemmin Es  [KL (% )]
approach to pre-train and ne-tune a large-scale generalist
VLA policy [5], incorporating a variety of data sources (in-
cluding demonstrations, interventions, and autonomous policy
roll-outs) to learn real robotic manipulation tasks. Recent Our method consists of the follow steps, which can be
research has also studied how to effectively train multiepeated one or more times to improve a base VLA model:

task, language-conditioned reward functions{>3 and value 1) pata collection. We run the VLA on the task, labeling

IV. RL WITH EXPERIENCE AND CORRECTIONS VIA
ADVANTAGE-CONDITIONED POLICIES (RECAP)

functions [5, 64, 65. Building on these works, we also train each episode with task outcome labels (which determine
a language-conditioned distributional value function, which al-  the reward), and optionally providing human interven-

lows us to estimate state-action advantages for our advantage- tions to provide examp|es of corrections for mistakes in

conditioned VLA training framework. the earlier iterations.

2) Value function training. We use all of the data collected
so far to train a large, multi-task value function, which
we refer to asv =, that can detect failures and judge
the expected time to task completion.

Advantage conditioned training. To improve the VLA
policy with this value function, we include an optimality
indicator based on advantage values derived from this

Ill. PRELIMINARIES

Reinforcement learning. We consider the standard RL 3)
setting in which an agent, given by a policy(a;jot),
selects actionsa; given an observationo; 2 O. We

de ne a trajectory as =(0g;ap; ;071)20 A O

A distribution over trajectories ( ) is induced by the 1For simplicity, we assume the observatimnconstitutes a valid Markovian
policy (atjo;) and the stochastic dynamiq®o;+1 jOt;a;): state. While not true in general, it is a common simpli cation in robotic RL.
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value function in the VLA pre x. This "advantage ieguage sitasks ( “tamp the coffee’ ) (oo @) (@@ 6w @ )

conditioned” recipe provides a simple and effective wa web data (__"a dog catches a - J

to extract a more optimal policy from our value functior oo o000 O

with suboptimal data. e e action expert ]
Figure 1 illustrates the overall structure of the training pro Cococoococoooooocooooo0] [9995F)
cess, while Figure3 provides more detailed speci cs of the i,.:r —————————— | (o) (3)
value function and policy architectures. Our pre-training pha DD o '

binarization
A(o,a)>e

M

consists of performing steps (2) and (3) above on our ent i’!:% promete
pre-training dataset, which consists of tens of thousands

hours of demonstrations from numerous tasks and a variety

different robots. Then, we perform steps (1), (2), and (3) ot [Coocoococooooooo] )
or more times to further improve the VLA with autonomously { el Function
collected data. We describe the value function training ai R
policy training steps below, and then present our speci

instantiation of this approach for training,.; in SectionV. DDD
; ; ; .:Fig. 3! Interaction between the . VLA and value function during

To train a \_/alue functlonl t_hat can act as_ a reliable C”“EECAP training. The .5 VLA uses a pre-trained VLM backbone. Training
for any task in our pre-training or post-training stages, Weliows the Kl recipe ['3], with next-token prediction on many data sources in
represend = with a multi-task distributional value function pre-training, and an ow-matching action-expert with stop gradient. The VLA

LN . . is conditioned on a binarized advantage indicator, obtained from a separate
p(Vio;)2 s [77], mapP'”Q th_e Observatlo_nst ‘Tind value function initialized from a pre-trained but smaller VLM model.
language command to a distribution overB discretized
value bins. In our implementation, this value function uses the

same architecture as the MLA policy, but with a smaller VLNiIt needs to effectively utilize diverse off-policy data, compris-
backbone. UsindRi( ) = o, o to denote the empirical Y policy data, comp

. - . ing the initial demonstrations, the expert interventions, and
return of a trajectory from time stept until the end, we ; .
. R . - . autonomous episodes from both the latest policy and older
trainp (Vjoy; ") by rstdiscretizing the empirical return value olicies. This is closely related to the challenge faced b
R¢( ) into B = 201 bins (usingRE to denote the discretized P : y 9 y

L ofine RL methods P, 3]. Second, it needs to be scalable
returns), and then minimizing the cross-entrdgyover the and easilv to aoplv to large VLA models. including models
trajectories in the current datadat y bRy 9 ’ g

# that use ow matching or diffusion to generate actions. Third,
it needs to effectively utilize both good (near-optimal) and bad
minE 2o H(RP( );p (ViosY)) - (1)  (suboptimal) data, which is important if we want to improve
012 the policy using autonomous experience.
This is a Monte Carlo estimator for the value function of Among the existing methods for policy extraction, pol-
the policy represented by the dataggt(i.e., the behavior icy gradient methods (including regularized policy gradients
policy ref). We can extract a continuous value function (andnd reparameterized gradients) are perhaps the most widely
thus an advqgtage) from the learned value distribution usinged (6, 74], but these methods are dif cult to apply to ow
Voe(o; )= L (V = boy)v(b); wherev(b) denotes matching models, which do not readily provide a tractable
the value corresponding to bimDuring the pre-training phase, log-likelihood, making them hard to scale up to modern VLA
the dataseD corresponds to the human demonstrations, amdgchitectures (see comparisons in Sectibh An alternative is
the value function captures the expected return for the taskuse weighted regression methods, such as ANR/b, 76,
and metadata we condition on, while on subsequent iteratiomndyich implicitly provide for regularization to the behavior
it skews toward a weighted combination of the return of thgolicy and use a simple (importance-weighted) supervised
demonstrations and the learned policy. learning objective. However, these methods discard or signi -
While this on-policy estimator is less optimal than a moreantly downweight a signi cant portion of the data, effectively
classic off-policy Q-function estimator, we found it to bémplementing a kind of Iltered imitation technique. Instead,
simple and highly reliable, while still allowing for substantialve use a variant ohdvantage conditioning4&], where the
improvement over imitation learning. Our method could bpolicy is trained on all of the data with supervised learning,
extended to accommodate off-policy estimators in future workut with an additional input indicating hoaptimal the action
is based on the advantage. This is closely related to a variety of
B. Policy extraction via advantage conditioning methods in the literature that propose to condition the policy
Once we have the value functiodt =, we need a way On some function of the resulting trajectory/7[ 50].
to train an improved policy using this value function. This The speci ¢ formulation in our method is most closely re-
is called policy extraction An effective policy extraction lated to CFGRL {]. Building on the formulation in Sectiofil ,
method in our setting needs to satisfy several criteria. Firgtge can apply Bayes rule to rewrite the probability of policy

advantage
A(o,a)=re.y+V(0r.y)-V(0)

270M) | value head}

[Coocoocoooooooo] ]

A. Distributional value function training
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Fig. 4: Visualization of the value functions.We train a multi-task value function to predict the number of steps to success, normalized by maximum task
length to( 1;0), whereO corresponds to successful completion. We visualize the value function output on a folding task that nished successfully (left),
and an unsuccessful example of a manipulation task from the pre-training dataset (right). The red parts highlight a drop in value, and green parts highlight
increases; images on top show the corresponding frames of the episode. The visualization shows that the VF correctly identi es mistakes in the episode, as
well as the speed of progress.

improvement ap(l jA ='(0;a)) = ref(ajl; 0)= ef(@jo). Ap- deployed policies. To include human corrections, we found it
plying this to our setting and including language conditioningiseful to forcel; = True (i.e., positive) for actions provided
we can obtain an alternative closed form for the improveas human corrections during autonomous rollouts. This choice

regularized policy described in Sectidih as is reasonable if we assume that human experts always provide
L good corrective actions. As we will discuss in Sectidnin
Najo:Y) | rer(@jo:)) M . (2) practice our VLA model produces both discrete and continu-
ref(8j0; ) ous outputs, with the continuous distribution represented via
For the special case = 1, ~(a;j0;’) = ref(@jl; 0;"). ow matching. Therefore, the real training objective combines

We can therefore represefitwithout needing to explicitly likelihoods for the discrete values with the ow matching
represent the improvement probabilipgl jA ~=(0;a)), if we Objective for the continuous values.
train the policy so that it can represent bothi(ajo; ") and ~ In practice, we pre-train one model to represent
(@jl; 0:%). This principle is similar to the approach in (aijlt;0t;7) on our entire pre-training dataset, and then
classi er-free guidance, where a diffusion model is traineBerform one or more iterations of our method with on-policy
to model the data both with and without a conditioningollouts (and, optionally, expert corrective interventions) for
variable [I]. We assume the improvement indicatofollows €ach task.

a delta distribution C. Method summary

p(ljA *(o;a;) = (A *(0;a;") > ), We provide an overview of our full method in Algorithfin
As summarized at the beginning of this section, the method

\(,)vlléhaallléjvik Sserigngg:ttrglnﬁ:gvsrqﬁgﬁhrﬁig?clgroﬁ'satzgem}]i can be fully de ned through application of three subroutines:
. X P ty ' collecting data through autonomous rollouts (with optional
mizes the need for nding an attenuation factoto sharpen

i " NN ; corrective interventions from an expert), training a value func-
the improvement conditioned distribution after traininghe pery g

i biective then corr nds to minimizing the foll wintion according to Equatiof, and training a policy according
policy objective the Cc_) esponds fo g the Tollowing, Equation3. The only thing that changes between different
negative log-likelihood:

h

i steps of the method is the data provided to each subroutine:

minEp  log (ajor;’) log (aijli;00) ; the pre-training stage uses all prior demonstration data, and
(3) the training process for the specialists for each skill
wherely = 1 A “(og;a; ) > - ¢ uses additional autonomous data. In practice, the specialists

The advantage value& *(o;a;;") are obtained from the are ne-tuned from the pre-trained model, while the nal
value function in the previous section, andis a trade- generalist is trained from scratch. Additional details on the
off hyperparameter. In practice, the dataBet, consists of Method are provided in Appendix

all of the data collected so far, including all demonstrations V. IMPLEMENTATION, MODEL, AND SYSTEM DETAILS

and autonomous task attempts, and the reference poligy

. : . . We instantiate RcAP with a VLA that we call ,.4. .
is therefore a mixture of human behavior and previous| 0:6- 0:6

¥ based on the o:6 VLA, which is an evolution of the g5
2Prior work [4] instead uniformly chose = 0 and tuned at test time, as VLA [ ] \_N'th a few Improvements _that we detalil in th?_ac'

in classi er-free guidance (CFG). However, high CFG weights can drive theompanying model card]. .¢ additionally adds the ability

action distribution to the corners of itg support (leading to aggressive_beha_vig@ndition on the binarized advantage indicakpr making it

and would not affect the autoregressive part of the model. We found it easier to. ble for RL .. ith R Th del hi

obtain good results by instead using the thresholtb trade off regularization Sultable for training with RCAP. The model architecture

and optimality. is illustrated in Figure3. We train a value function alongside



Algorithm 1 RL with Experience and Corrections viasyp-task prediction runs at a lower frequency than action gen-

Advantage-conditioned Policies ERAP) eration. During training, the model also predicts a tokenized
Require: multi-task demonstration datas@tieme representation of the action chum.+, using the FAST
1: Train Vpre 0N Dgemo USING Eq.1 tokenizer [7], as part of the KI recipe[3]. We denote these
2: Train pre 0N Dgemo USiNg EQ.3 and Vyre discretized actions, .., , . The action expert does not receive
3: Initialize D- with demonstrations for these as input, such that discrete and continuous actions are
4: Train V.° from Vpre ON D~ using Eq.1 predicted independently. This results in the nal training log-
5: Train © from pe onD- using Eq.3 and V.° likelihood log  (ag:t+ 1@, 15 JOr; ). Since we predict’
6: for k=1 toK do rst, we can factorize this log-likelihood according to:
7. Collect data with ¥ *, add it toD- e A -
8 Train VX from Vpe on D- using Eq.1 g Auten P8t H .Jot’\ N log Jou A
9: Train X from pe onD- using Eq.3 and V¥ +log g njo T +log  acten o

. end for

=
o

B. From ¢ to (¢ With advantage conditioning

To incorporate information about the advantage into the
policy, we expand the model inputs to contain an additional
improvement indicator as an additional text input, inputting
“Advantage: positive” whenl; = True, and “Advantage:

the VLA, following the method described in SectidW-A .
This value function is also initialized from a VLM. Training

this value function and VLA with RCAP results in our nal negative” otherwise. The VLA model is otherwise the same

model, which we call . In this section, we st elaborate as described in SectiotA. The advantage indicator appears
on the design of our model and how it can be extended to use o A . .
the training sequence aftebut before the (discretized and

advantage values from the value function, then describe {he

. : gntinuous) actions, such that only the action log-likelihoods
reward function and value function, and then elaborate on the ) oo
. . . . .__are affected. The continuous part of the log-likelihood cannot
training and data collection process in our implementation. : : : .
be evaluated exactly, and instead is trained via the ow match-

A. The . model ing loss [/9]. It is possible to draw a close parallel between
The o6 model [] is derived from the o.s model, which W matching and diffusi_on (under some assumptions), and

can exibly represent chunked action distributions via ow(h€ lattér in turn can be interpreted as a lower bound on the

matching and produce intermediate text for high-level polid§9-likelihood [5C], so we can roughly motivate the sum of the

reasoning. It uses the Knowledge Insulation (KI) traininfp9-likelihood of the discrete actions and the ow matching

procedure 73], which trains the entire model end-to-end oSS on_the_ continuous actions as a lower bound on the overall

continuous actions and discretized tokens (including actiofi§tion likelihood: ‘

discretized via FAST i]), While using a stop_ gradignt to log }gat;HH o= T | e M 9

prevent the ow-matching action expert from impacting the

rest of the model. Pre-training uses both robot data and vision- Eu logp (asnileon l) R )
language co-training data from the web. | oa f( I () 2|

o:6 iMproves on o5 in several ways: (i) The pre-training ¢ CuteH Barn 1606
dataset is augmented with additional data from multiple robgjth at?_!HH = awsn +t(@ Y, 1 N (0;1) denoting

platforms. (i) The base VLM is Gemma 3{] 4B model. (iii) the noised action, where 2 [0;1] is the ow matching time

The size of the action expert is increased to 860M parametgrgiex andf denotes the continuous outputs of the diffusion
The model can be written as (ait+n; jOr; ), Where expert.  is a loss weighting term (which can optionally

o = [X{;::5 X7 q¢] contains camera images, the robot's pe noise dependent). Full details for the loss are provided in

con gurationq, and” = "+ s is the language input consistingappendix C.

of the overall task prompt; (e.g., “make me an espresso”), During training, we randomly omit the indicatey instead

as well as additional language inpussproviding metadata of tuning the loss multiplier to allow us to either directly

that further modulates how the task is performed. The modﬁmpb from the policy with; = True (which corresponds to

produces action chunks i+ , which consists of joint angles setting = 1 in Equation @), or to use both a conditional

and gripper commands at 50 Hz, using a separate “actigid unconditional model to implement classi er-free guidance

expert” — a dedicated set of weights (860M parameterg}FG), which enables inference wit> 1. See AppendixE
that are trained with ow matching specically for action fgr details.

generation, but can attend to the activations in the rest of the N ) o

model. The model also produces tokenized discrete oufput$S- Reward de nition and value function training

which includes a textual representation of the next predictedSince our aim is to develop a general and broadly applicable
sub-task (such as “pick up the coffee cup”) used for higlmethod for training VLAs from experience, we use a general
level decision-making. Since the actions are generated ‘(éftesparse reward de nition that can be applied to essentially any
action generation is effectively conditioned on this predictadsk. For each episode, we obtain a label indicating whether
sub-task, providing high-level guidance. At inference time, thbat episode was successful. We derive the reward from



this episode-level success label such that the value function  — vose conero
corresponds to the (negative) number of steps until successful

completion of the episode. This is equivalent to the following Pp—
reward function, wherd corresponds to the last step in the
episode, ancCy,; is a large constant that is chosen so as to
ensure that failed episodes have low values:

3x images

8
20 if t = T and success
re= Crii  if t =T and failure (5)
1 otherwise |
With this reward function, we train the value function to Bl 51 O O 0 8 BEF

predict the (negative of th_e) number of remaining steps UNly. 5: The robot setup used in our experiments. 4., is trained on data
success for successful episodes, and a large negative valudrdor many different robots in pre-training. For the iterative improvement
failed episodes In practice we normalize the values predict@@eriments, we use a static bimanual system with two 6 DoF arms with
L N . . arallel jaw grippers. The arms are controlled at 50 Hz with joint positions.
to be betwe_er( 1,0). Smce we train on d'Ver_Se tasks thabpservations consist of joint and gripper positions, as well as images from
have very different typical lengths, we normalize the valuesree cameras: a base camera mounted between the arms, and a wrist-mounted
per task based on the maximum episode Iength of the taskéamera on each arm. The setup can be mounted exibly, e.g. on a table.
The value function takes as input the same language inputs
as the 4.4 VLA, and uses the same architecture design, witha ] ] ]
smaller 670M parameter VLM backbone that is also initialize@fovide corrections. These corrections can show the policy
from Gemma 3 (see Figur®. To prevent over tting, we also how to avoid catastrophic failures or how to recover from
co-train the value function on a small mixture of multi-modaMistakes. Note, however, that the corrections alone are unlikely
web data. Figurel show visualizations of the value functiont® X all issues: intervening during autonomous execution is
on some examples of successful and failure episodes, witfliSTuptive event, and even expert human operators cannot
additional visualizations in Figur&3 in Appendix B. guarantee a consistent quality of interventions nor improve
subtle aspects of the behavior, such as overall speed. Thus,
D. Pre-training, data collection, and learning from experiencéhe corrections serve more to x large mistakes and overcome
cpallenges with exploration, and do not by themselves provide
%lor optimal supervision, in contrast to theoryj.[ Recall from
anguage data from the web predicton of subtaSkand SR UL NE U I 0 R TEE TR
prediction of low-level actions on a variety of tasks fronfInd the corrections) are cE)tionaII added to the datE)se?
many different robots. We note that, after pre-training.g regardless of whether or ncf)t a cor)r/ection was provided
can perform many more tasks than the ones used in evaluaio ) P C
fter data collection, we netune the value function on

in SectionVI. During pre-training, we rst train the value I of the dat lected for the task ¢ d th i
function on the same dataset, predicting (the negative of) tﬁé of the data collected Tor the task so far, an en use |

number of steps to successful completion of each task. THEn Netune the policy with updated indicatols, using the

we estimate the per-task improvement thresholdused in same procedure as in pre-training. Both the value function and

determining the advantage-based improvement indicktor policy are ngtuned from the prg-trained checkpoiqt, rther
We set - to the 30% percentile of values predicted by the:?lan the pol_lcy and value funct|on_ f_rom the last iteration.
value function for the task. We then run the value function ''c f(_)und this to _be useful for _av0|d|ng drift over multiple

on-the- y during VLA training to estimate =(oy: ") for iterations, though it may be possible to also obtain good results

each example, and then use it to complytdased on-. I, byvsonsstently nert]t_mmg from fthe last r‘r1|qde|. . ded
is included as an input to,.¢ as described in Sectio-A. e can repeat this process for several terations as needed,

As we use a relatively small VLM backbone (670M) forthough in practice we found that even one iteration often leads

the value function, on-the-y inference of the value functiori© SIgN! cantly improved results.
incurs minimal additional cost during VLA training.

After pre-training we start a policy improvement loop for
the target task. We rst netune ;.5 with demonstration data In our experimental evaluation, we us&®ap to train the
D- for the target task. We x the indicatorl; to True in this . model on a set of realistic tasks: making espresso drinks,
stage, which we found to lead to slightly better results, suéblding diverse laundry, and assembling boxes. Each task re-
that this stage corresponds to supervised netuning (SFTQuires multiple steps, ranging from 5 to 15 minutes in duration,
This results in the initial policy °, which is then used complex manipulation behaviors (constrained forceful manipu-
to collect additional data that is added B . While some lation, pouring liquids, manipulating cloth and cardboard, etc.),
of the episodes are collected fully autonomously, some ard fast execution to provide for high throughput. We illustrate
monitored by an expert teleoperator who can intervene ttoe robotic platform used in our experiments in FigéreNe

The data mixture used in the pre-training phase of o
model largely follows the recipe used by.s [5], with vision-

VI. EXPERIMENTAL EVALUATION
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Fig. 6: lllustrations of the tasks used in our experiments.Tasks include three different laundry variants, assembling boxes, and making coffee drinks with
an espresso machine.

give details on the tasks and baselines below, followed lspmmercial espresso machine. While our cafe policy can make

guantitative experiments. many drinks (lattes, iced Americanos, espresso, etc), and even
) clean the espresso machine with a towel, for the purposes of
A. Evaluation Tasks our quantitative experiments we focus on the double espresso

Our guantitative evaluations and comparisons use thrgleot task. This entails picking up the porta lter, placing it
broad task categories each with individual task variants: laudn the grinder and grinding beans into it, tamping the ground
dry folding, coffee making, and box assembly. We summarizeffee beans, locking the porta Iter into the espresso machine,
the tasks below, with illustrations in Figufe bringing over the cup, extracting the full shot of espresso, then
Laundry (t-shirts and shorts). This is the standard laundry serving. Success is measured as completing all steps within
folding task in the ¢ paper B1]. This task entails retrieving 200 seconds without critical mistakes (such as dropping the
either a T-shirt or shorts from a basket with variable initigborta Iter or spilling the coffee).
conditions, attening, folding. Success requires one clothingox assembly.We evaluate our policy on the problem of
item to be folded and stacked in the top right corner of treessembling packaging boxes in a real-world factory deploy-
table within 200 seconds. ment scenario. Box assembly involves folding a cardboard box
Laundry (diverse items). The diverse laundry task requiresstarting from a attened cardboard sheet, attaching a label onto
folding a much larger variety of items, considering 11 iterit and placing the box in the appropriate spot in a crate. For
types, including towels, button-up shirts, sweaters, jeans, tlie purposes of the quantitative experiments, we focus on all
shirts, shorts, polos, skirts, long sleeve shirts, socks, apdrtions of the task and count overall success as going from
underwear. To obtain a low-variance metric in our experiments, attened to an assembled and stacked box in under 600
we measure performance on one of the most challengisgconds.
items — the button-up shirt. However, the policy is trained
on all items, and the accompanying videos show results f8r comparisons and Ablations
a variety of clothing. Success is de ned as having the target )
item correctly folded and placed on a stack on the table within W& compare RCAP to several baselines:

500 seconds. Pre-trained .5 [5]. This baseline does not use RL and does
Laundry (targeted failure removal). The nal version of hot leverage RCAP.

the laundry folding task considers a much more structur&de-trained o [€]. It does not include the advantage indi-
setup for use in our ablation experiments, in which the tagRtorl, and is pre-trained with supervised learning.

involves folding a single orange T-shirt from a xed attenedRL pre-trained 4. It is pre-trained with RL alongside
initial condition. We place the highest emphasis on succeds, value function, and includes an advantage indichtoas
with a strict success criteria that requires the shirt to be folddescribed in Sectio-D.

correctly with the collar always facing up within 200 seconds..¢ of ine RL + SFT . This model is trained by netuning the
We found this task to be useful for assessing whethecA base ¢ pre-trained checkpoint with demonstration data for
can remove speci ¢ undesirable behaviors via RL (in this castae target task. We refer to this netuning as “SFT” because
placing the collar facing down rather than up). the advantage values are xed to True for all demonstrations.
Cafe (double shot espresso)We evaluate our policies onWe nd that this combination of the ofine RL pre-trained
the challenging long-horizon task of making coffee with a,.s model with high-quality SFT outperforms standard SFT
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Fig. 8: Success rateswWe show the absolute success rates with standard error. Each stageasf iRproves performance across the tasks, with the challenging
diverse laundry and espresso tasks seeing the largest gains success rate, corresponding to monethitich in failure rates. For the box assembly task
we show the success rate for the different subtaskx AR leads to the most consistent (and highest) success across all subtasks.

(without of ine RL pre-training), and provides a good startingo judge the episode with respect to multiple quality metrics,
point for RL with on-robot data. and we aggregate these quality indicators into a success label.
0. (ours). This is the nal model trained with RCAP on 1) How much doeRECAP improve the policy?:To answer
the target task, including both autonomous rollouts and exp#ts question, we present the main quantitative results in
corrections. By default we evaluate with = 1. In some Figures7 and8. Across all tasks, the nal (.5 signi cantly
experiments we also consider inference with CFG, whidmproves over the base (supervised)s model, the RL pre-
corresponds to> 1. trained ,.; model, and theofine RL + SFT ., model.
We also consider two alternative policy extraction methodghroughput more than doubles on the diverse laundry folding
in the literature as comparisons for our advantage-conditionaad espresso tasks from including on-robot data (the improve-
approach, both of which use the same on-robot datasmssR  ment fromofine RL + SFT to the nal 4.4 model), and the
but a different policy learning method: rate of failure reduces by about a factor of two. On the easier
AWR. Starting from the same pre-trained modglg (with- laundry task (t-shirts and shorts), the success rate is already
out advantage conditioning) we ne-tune using advantag@ose to the maximum after the SFT phase, but throughput still
weighted regressiorsf], based on advantages extracted frorimcreases by a signi cant margin with the nal model.
our value-function. On all of the tasks except diverse laundry, the success rate
PPO. We implement a variant of DPPO/FPOJ 87] in which  of the nal ., model is in the 90%-+ range. This makes it
we calculate likelihoods based on the single step diffusion ofgasible to use in practical settings, such as making espresso
jective and use an alternative de nition of the PPO constraifitinks at the ofce or assembling boxes in a factory, as
following SPO B3] (see AppendixD for details). shown in the accompanying videos. For the box assembly
task, FigureB (right) contains a breakdown of the task success
over its four stages: picking up a box sheet, building the box,
We use two metrics in our evaluation: throughput anidbeling the box, and placing it at an available spot in a crate.
success rate. Throughput measures the number of successfiyl attains higher success rates for all of the stages compared
task executions per hour, thus capturing both speed aidthe other models. The majority of failures on these stages
success rate into one practically relevant quantity. Succésppen because the policy runs out of time. The accompanying
rate measures the proportion of episodes that succeed, aitos present time lapses where each of the tasks is run for
is derived from human-provided annotations. Raters are askaedltiple hours.

C. Quantitative results
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task quickly reaches the maximum success rate (but continues to improv:

throughput as shown in Figui® while box assembly continues to improve%fa' 12: Failure mode removal, Here we apply RCcaP on a variant of

the laundry task with one item but a very strict success criteriecA® is
particularly effective at removing failure modes that would be considered non
successful under the strict criteria. Therefore, our method can also be used to

. . . alter a policy's behavior with relatively little data effectively.
2) How much doeRECAPimprove .5 over multiple itera- policy vior i vev ey

tions?: We next elucidate how training witheER AP improves
policies through multiple iterations of data collection and train-
ing. We study the T-shirt and shorts folding task and the bdsaproves throughput. For the box assembly task, we see clear
assembly task. For the T-shirt folding task, only data collecté@provements in the success rate over both iterations. While
with autonomous evaluation (without human corrections) tgere are still some failures (especially when placing the box
used to perform policy improvement over two iterations, iAn the stack at the end), the nal policy achieves a success
order to evaluate how well our method can improve the polidjte of about 90% both for folding the box and labeling it in
via RL alone. We collect 300 trajectories on four robots in eadhe allocated time limit 0600 seconds.
iteration. Box assembly uses both autonomous trials and trial3) How does the advantage-conditioned policy extraction
with expert teleoperator interventions, with 600 autonomousethod inRECAP compare to other methods2Ve compare
trials and 360 trials with interventions in each iteration. our advantage conditioned policy extraction method from
We plot the throughput over iterations in Figue com- Section|V-B to other methods in the literature: AWR and
paring two iterations of RcAp, denoted byi = 1, i = 2 PPO. We use the T-shirts and Shorts task for this comparison.
respectively. The nal iteration, labeled (Ours), correspondi ensure a controlled comparison, we use the same data for
to the overall best result for these tasks presented in tt@se comparisons that was used to train our nal model. This
previous section. We also compare the initial data collectigmmovides a slight advantage to the baselines, since they have
policy, which uses the of ine RL pre-trained,.; model with access to better data that was collected while runniegA®.
SFT netuning. For both tasks, .5 improves over the two The results are shown in Figurel. While both AWR and
iterations. In the laundry task we can see steady improvem@RO can attain reasonable results, they both fall far short of
yielding an overall50% improvement in throughput. For theour method, and struggle to improve over the ofine RL +
long-horizon box assembly task, more data is needed to yi@&T .., model. For PPO, we had to use a small trust-region
a signi cant improvement, but after the second iteration weonstraint ( = 0:01) to stabilize training in this off-policy
see a 2 improvement in throughput. setting, and while this makes training stable, the method does
We also show the success rate over the iterations in Figpt achieve good performance. AWR can achieve a reasonable
ure 10. For the laundry task, the rst iteration already raisesuccess rate, but leads to much slower polies with lower
the success rate to over 90%, while the second iteration maittiyoughput.



4) Can ReCAP signi cantly alter policy behavior with where the policy and value function are updated in real time
relatively little data and remove a failure mode¥hile the as data is collected. We make this decision out of convenience,
preceding experiments have focused on holistic end-to-ebgt extending our approach into a fully concurrent online RL
evaluations of policy performance, we can also zoom in dramework is a promising direction for future work.

a speci c failure mode to examine whether RL training with More broadly, training VLAs with RL is perhaps the most
RECAP can remove a speci ¢ mistake from the policy. Tadirect path to get to performance levels that are adequate for
answer this question, we use a version of the laundry task witkal-world use cases. RL with VLAs presents a number of
a strict success criterion, which requires the policy to fold ehallenges, from the dif culty of large-scale RL training of
t-shirt with the collar centered and facing up. Each episodeliggh capacity models to sample complexity, autonomy, and
initialized with a speci ¢ adversarial condition in which thedelayed feedback. While existing RL frameworks designed for
shirt is placed at on the table in such a way that the baselisenaller-scale systems or “virtual” domains such as LLMs can
ofine RL + SFT policy often fails to fold it correctly. As provide a good starting point, more research will be needed
shown in Figurel2, applying RECAP in this setting for two to make RL a practical tool for VLA training. We hope that
iterations (collecting500 trajectories in each iteration) resultsour work represents a meaningful step in this direction.

in a policy that succeed®7% of the time, and with high speed.

Thus we conclude that BCAP can be effective at removing ACKNOWLEDGEMENTS

speci ¢ failure modes, even when learning entirely via RL
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Training policies that can achieve the same robustnegg,m”blJtIOnS statement.

speed, and uency on real-world tasks as people presents a
major challenge in robotic learning. In this paper, we discussed
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DAgger-style coaching and RL, can begin to address this chal- learning: An introduction MIT press, 2018.1
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which is analogous to the diffusion likelihood bound used in
FPO BZ]. And we combine it with a PPO style loss separated
into diffusion and autoregressive terms. In preliminary exper-
iments we found that for our setting it was dif cult to enforce
a trust region constraint on the action expert (which models
actions with an unbounded diffusion head) when using the
standard PPO clipping objective. Presumably, this is partially
due to the “ofine” nature of our algorithm setting, where
we cannot afford to collect new data from real robots every
few gradient steps. To stabilize training we found using an
alternative de nition of the PPO constraint following SP&3]

to be effective. The resulting loss is given as:

Successfully building a cardboard box

spo+covia ()=

Right arm drops towel Tidy Successfully hangs towel (a(\ 2 1‘]0 ; ‘) .
—At\A ©(o; a; )
ref(@+ 2 7jor; ), ”
JA #(osa;)] (a2 for;))
2 ar ref(a“ 2 Ajot ; \) (11)

(ac:t+H Ot )
ref(@t:t+ H jot;‘)"

A (o a;’)
#)

JA ’Ef(Ot;at;\)j (at:t+HjOt;\) 1 .

Tries to attach the hook but the hook flies off due to unstable hold 2 ow ref( a.[ t+H ] Ot , )

where is a trade-off parameter ang,, o, are trust-region
parameters for autoregressive and ow-matching model parts
respectively. We use this variant to perform training on eval
data starting from theo.¢ checkpoint.

E. Using CFG for test-time policy improvement with 1

Fig. 13: Additional visualization of value function on ve different tasks. After training we can choose to further sharpen the policy

Rﬁd partsl highlight placesdwhe”rngagssdr:?phsli g{eggciﬁgtrit: h\i/%mighrtepilgmd for evaluation by setting> 1 in Eq. ). As shown in

maeggzsveslhuoewl?ﬁéeggﬁzg,sgnd?neg franges andgdegcriptions ofgt]he episod%. ’ﬁno_r .WOI’k [ ] V_ve Ca_m re_co_ve_r thl_s_sharpened pOIICy without
additional training since it is implicitly de ned by the learned
policies (att+njlt;0¢;7) and  (ayt+ 1 jOr; ). Speci cally,
after training we can form the approximation

D. PPO implementation I
A C s N ref(@t:t+ 1 jlt; Ot )
(at:t+HJOt- ) / ref(at:t+HJOt- ) ref(at:t+Hj0t;‘) '
We implement a variant of PPG ] related to DPPO and ] o (12_)
FPO P23, 87] and use it as an additional baseline. To allow foP"€ can now realize that the diffusion model effectively
training both the autoregressive part of the model as well as #§8™Ms the gradient of the likelihoods, i.e. it represents
diffusion based action expert in a compute effective manner 109 (@tt+njli; 0 ") and r alog  (auesnjor; ") re-

we calculate likelihoods based on the single step diffusigipectively. From this, following Frans et ak]{ we can see
objective alone. that if we run ow-matching inference following the gradient

In particular, we use a likelihood bound analogous to Eqr alog (at:t+Hjot; )+
(9) (previous section) but without the improvement indicator.  (r ylog (act+ 1jlt;0t;) © alog (Actsnjor:));
Decomposing into autoregressive and ow-matching terms this



we are effectively sampling from the desired attenuated disithout expert corrections. As we push model performance to
tribution. We note that, as mentioned in the main paper, tietosely resemble the expert data collector in terms of speed,
parameter is loosely connected to the advantage threshoid becomes hard to provide corrections. For this task, We
- that we introduce during training (in the sense that bottollect 300 episodes across 4 robot stations for reporting eval
sharpen the distribution, one at inference and one at trainipgrformance. For the diverse laundry folding task we collect
time). We nd that sharpening the distribution after trainingt50 evaluation episodes and 287 correction episodes. For the
with high settings for can lead to pushing the action distribufailure mode removal ablation we collect both autonomous and
tion towards the boundaries of its learned support (which caplicy correction data. In total we collect 1000autonomous
lead to overly aggressive motions) and thus primarily rely-on and 280 + 378 correction episodes spread ov&robots. For
for obtaining a good conditioned policy directly after trainindpox assembly we collect data in the deployment scenario
and combine it with moderate settings (e.g.2 [1:5;2:5]) directly, collecting 600 demonstrations an@60 correction
where useful. episodes in each iteration, usiBgobots in total. For cafe we
perform a single iteration and colled29 correction episodes
as well as414 autonomous episodes.
We describe details for setting the task speci c parameters
used in Algorithml.
Advantage Estimation: During post- tralnlrw we estimate
the advantage function using (ot;a;) = to_Nt 1r? +
V (o+n)  V (0t), whereoi: y is an observation sampled
from N steps ahead from the same trajectory. WeNise 50
lookahead to calculate this advantage. During Bre trammg we
calculate the advantage estimatefaqo;;a;) = 10=0 ro
V (o), settingN = T for each episode, which is a higher
variance estimate of the advantage. We use this advantage
calculation since it allows us to calculate the advantage values
on-the-y during pre-training using a single inference call to
the value function. We nd empirically that this advantage
estimate works well when the policy is trained on large
amounts of data from diverse tasks during pre-training.
Advantage conditioning dropout: During training, we
randomly drop out the conditioning on the advantage indi-
cator 30% of the time. We employ this dropout so that we
can directly sample directly from either the conditional or
unconditional policy during inference time and use CFG for
test-time policy improvement (see Sectibrfor details); and
it effectively replaces the loss multiplier.
Advantage threshold: The per task advantage threshold
is set as follows. During pre-training we select the threshold
for each task such that approximat&9% of the demonstra-
tion data has positive advantage (as calculatedd on a random
sample of 10k datapoints). During ne-tuning we generally set
the threshold such that approximatel®% of the evaluation
rollouts in each iteration have positive advantage. For the T-
shirt and shorts laundry folding task (in which training on
high-quality demonstration data yields slow policies but with
high success rate) we increase the threshold such that only
approximatelyl0% of the data has positive advantage.
Dataset composition:We use the dataset aggregation strat-
egy described in Algorithml for all tasks. However each
of our task has distinct nature: the episode lengths vary, the
performances of Iteration 0 model on each task are differ-
ent, and one task (Assemble Box) is performed offsite in a
deployment scenario. Therefore, we have different amount of
demonstration data to begin with and collect different amounts
of experience data for iterative improvement. For laundry (T-
shirt and shorts), we use autonomous evaluation data only

F. Additional algorithm details
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