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Fig. 1: RECAP enables VLAs to improve performance during deployment. Our model incorporates advantage conditioning, allowing it to ingest diverse types
of real-world experience: human demonstrations, autonomous rollouts and online corrections. Learning from real-world interaction via advantage conditioning
improves the model’s understanding of how actions influence performance, leading to a faster and more successful policy.

Abstract—Vision-language-action (VLA) models offer a
promising path toward general-purpose robots, but achieving the
reliability and speed required for practical deployment remains
challenging. We present a general-purpose method, RL with
Experience and Corrections via Advantage-conditioned Policies
(RECAP) that improves the efficiency and reliability of VLA
policies by utilizing their real-world experience. Our method
introduces value-based advantage conditioning during both pre-
training and post-training phases, enabling VLA policies to ingest
highly heterogeneous real-world experience, including human
demonstrations, policy rollouts, and online correction data. We
show that the 7 ¢ model, trained with RECAP, achieves hours-
long deployment of folding diverse laundry in real homes, reliably
assembles boxes in a factory, and makes espresso drinks using
a professional espresso machine. On some of the hardest tasks,
RECAP more than doubles task throughput and roughly halves
the task failure rate.

I. INTRODUCTION

Practice makes perfect: while people are remarkably flexible
in acquiring new skills, mastery invariably requires refinement
through trial and error. General-purpose robotic foundation
models, such as vision-language-action (VLA) models, now
allow tasks to be specified flexibly via prompts. But just like
people, they must practice to achieve mastery. This entails
learning not only from demonstrations, but from autonomously
collected experiential data that allows the policy to correct
mistakes it makes during deployments, improve speed and
robustness beyond human teleoperation, and adapt to new

deployment conditions. Although the principles of learning
through autonomous practice have been known for decades,
as formalized with reinforcement learning (RL) [1], realizing
them in a general and scalable robotic system remains chal-
lenging due to issues of scalability, data heterogeneity, and
noisy reward signals.

We introduce RECAP, a training recipe that enables general-
purpose vision—-language—action (VLA) models to improve
based on their own experiences and expert interventions.
RECAP first pre-trains a VLA model on diverse, multi-task,
multi-robot data via an offline RL step. During subsequent
deployment, the VLA model is iteratively improved with
policy rollouts, expert interventions, and sparse, binary reward
feedback that reflects task success. Our recipe allows the
model not only to imitate demonstrations, but to adapt to real
deployment conditions, correct its own mistakes and improve
efficiency beyond human teleoperation.

Training with RECAP follows an offline RL [2, 3] recipe
(Figure 1): We first train a value function that estimates
progress toward task completion from all (multi-task) data.
This value function is then used to compute advantages for
each action chunk in the data. We then obtain a pre-trained
model that conditions the policy on a binarized improvement
indicator based on this advantage [4]. After pre-training,
RECAP fine-tunes the model on each downstream task with
task-specific data, and then performs one or more rounds of
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Fig. 2: Real-world tasks improved by RECAP. We evaluate RECAP on long-horizon manipulation tasks that require dexterous, multi-stage behavior: making
espresso drinks, assembling cardboard boxes, and folding diverse laundry. These tasks include realistic sources of variability, such as deformable clothing,
flattened boxes that stick together or bend, and liquid handling during espresso preparation.

on-robot data collection and offline RL to iteratively improve
the policy.

We applied RECAP to challenging, long-horizon manip-
ulation tasks such as folding diverse laundry, assembling
boxes, and making espresso drinks (see Figure 2). Training
with RECAP more than doubles the throughput on some of
the hardest tasks, and can reduce failure rates by 2x or
more, enabling levels of robustness required for real-world
deployment: it ran continuously for 13 hours making espresso
drinks, folded previously unseen laundry items in a new
home for over two hours without interruption, and assembled
boxes used in real factory packaging. While RECAP builds on
algorithmic components explored in prior work, our system is
novel in combining these elements, and the results show, for
the first time, that a general-purpose RL recipe—combining
autonomous deployment, sparse human reward feedback and
expert interventions—can significantly improve both the ro-
bustness and throughput of VLA models at scale.

II. RELATED WORK

Policies trained with imitation learning (IL) are known to
suffer from compounding errors [5] and, at best, can only
be as performant as the demonstration data. The goal of this
work is to improve the reliability and speed of VLA policies
by going beyond IL from offline demonstrations. Prior works
have used online interventions to improve robotic manipulation
policies [6—9]. We adopt a form of such interventions, called
human-gated DAgger [8, 10]. In contrast to these works, our
method uses both expert interventions and fully autonomous
experience, resulting in an RL-based framework that integrates
multiple data sources. There is a large body of work on using
RL for autonomous improvement of robotic manipulation
policies [!1-19], including methods using diffusion-based
policies [20-22], in multi-task settings [23, 24], and using
pre-trained multi-task policies [25-27]. Unlike these works,
we study how to scale real-world RL to large VLA policies
for long-horizon, fine-grained manipulation tasks.

Many recent works have studied how to improve a base
VLA model through RL. Several works directly apply the
proximal policy optimization (PPO) algorithm and variations
thereof to VLA fine-tuning [28-32], yielding approaches that
are difficult to extend to real-world RL in an efficient and
scalable fashion. Others have explored RL fine-tuning on
top of pre-trained VLA models, either training a residual
policy [33, 34], fine-tuning an action head network [35],
selecting or refining actions proposed by the VLA [36-38],
or optimizing the initial noise of a diffusion-based VLA [39].
Some have also explored ways to distill the learned behavior
back into the VLA [33, 34, 36, 40]. These prior works
generally use discrete actions or simple Gaussian continuous
action distributions. A critical distinction is that we train an
entire VLA end-to-end using iterated offline RL, with an ex-
pressive flow matching VLA model. This is made possible by
a simple and scalable advantage-conditioned policy extraction
method, which removes much of the complexity of using
policy gradient style objectives with large VLA models. Our
comparisons show that this significantly outperforms a more
traditional policy gradient based extraction scheme.

More closely related to RECAP in terms of methodology,
a number of prior works have integrated value functions
and end-to-end RL training of VLAs on real robots [4]-
44]. For example, Huang et al. [41] apply calibrated Q-
learning to an offline demonstration dataset for grasping tasks,
without an online improvement phase. Zhang et al. [42] use
direct preference optimization (DPO) to optimize pick-and-
place skills from human preferences, using online rollouts
from a VLA. Finally, Zhai et al. [43], Ghasemipour et al.
[44] use PPO and REINFORCE, respectively, with time-to-
completion value functions to train VLAs for tasks like moving
a bowl, unfolding a mat, and pushing objects on a table.
In contrast to these prior works, we describe an iterated
offline RL framework for VLAs with multiple advantages.
First, our method supports high-capacity diffusion and flow-
based VLAs, unlike the discrete-action models studied in



prior works. Second, we avoid the need for on-policy PPO
or REINFORCE by using an advantage conditioning strategy
for policy extraction, which can utilize all prior (off-policy
or offline) data. Lastly, our evaluation consists of complex,
dexterous, and temporally extended tasks, where our method
increases throughput by about 2x while handling deformable
objects, liquids, and multi-stage tasks.

Prior works have explored the idea of conditioning the
policy on rewards, values, and advantages [ ], including
methods that use classifier-free guidance [4]. We extend this
approach to pre-train and fine-tune a large-scale generalist
VLA policy [55], incorporating a variety of data sources
(including demonstrations, interventions, and autonomous pol-
icy rollouts) to learn real robotic manipulation tasks. Recent
research has also studied how to effectively train multi-
task, language-conditioned reward functions [56—62] and value
functions [43, 63, 64]. Building on these works, we also train
a language-conditioned distributional value function, which
allows us to estimate state-action advantages.

III. PRELIMINARIES

Reinforcement learning. We consider the standard RL
setting in which an agent, given by a policy 7(a;|o:),
outputs actions a; given an observation o; € O. We
define a trajectory as 7 = (0g,a9, - ,07) € Ox A---O.
A distribution over trajectories p,(7) is induced by
the policy w(a;Jo;) and the stochastic dynamics
T—1

p(0it1los, ar): pr(7) = p(oo) [T,y 7(acor)p(orr1]or, ar).
The reward function is given by 7(oa;), and we
abbreviate it to r; to shorten notation, where rp is the
terminal reward. The goal of RL is to maximize the
cumulative reward, learning a policy that maximizes
J(m) =Ernp, [R(T)] =Errp, [ZZ;O r¢]. The value function
for a policy 7 is then defined as V™ (o;) = E;, | . [Zz;t 7).
We can then calculate the advantage of an action a; as
Am(or,ar) = B, ([0l e + VT (0rgn)] — V7 (0y),
corresponding to an n-step estimate.

Regularized reinforcement learning. Instead of maximizing
J(m), it is common to use regularization in RL, optimizing
for a policy that maximizes reward while remaining close
to some reference policy . [65—09]. This is important,
for example, when we want to train for many gradient
steps on the same data, in which case m.s typically cor-
responds to the behavior policy that collected the training
data. This can be formalized via the objective J (7, mrer) =
Ermpey[S10771] = BBonpy, [D(x(]0) |mer(-0))], where
D denotes some divergence metric. For the case where
D is the KL divergence, we have the well-known result
that 7 (ajo) o< mer(alo) exp(A™ (0,a)/F) is the solution to
max, J (7, Ter), with Lagrange multiplier 8 [66-69]. Our
advantage-conditioned policy extraction method is based on
a closely related but less well-known result: if we de-
fine the policy 7(alo) o mer(alo)p(I|A™ (0,a))”, where
p(I|A™(0,a)) = g(A™(0,a))/ [ g(A™(o,a’))da’ is the
probability of any action a improving over s as measured
by a monotonically increasing function g, then 7 is guaranteed

Algorithm 1 Overview of RECAP

Require: multi-task demonstration dataset Dyemo

// Pre-train
1: Train Ve on Dgemo using Eq. 1
2: Train 7,pe 0N Dyemo using Eq. 3 and Ve

// Post-train on a target task
3: Initialize D, with demonstrations for target task ¢
4: Train 7 from 7. on D, with I; = True

// Deploy and iteratively improve performance
:for k=1to K do
Collect deployment data with 71'?71 and add it to D,
Train V) from Vi, on D, using Eq. 1
Train 7} from mpe on Dy using Eq. 3 and V}*
: end for

R A

to improve over T, .., J (&) > J (mef) [4, 70]. We will use
this property in deriving our policy extraction method in Sec-
tion IV-C. Using this definition we can then obtain a paramet-
ric policy from the closed form definition of 7 by solving the
following minimization problem: ming Es~,, [KL(#,7)].

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

We present RECAP, an RL-based training framework that
enables VLA models to improve during deployment (shown
in Figure 1 and Alg. 1). We use RECAP to train a VLA model
that we refer to as g g.

A. Overview

RECAP starts with a data set of diverse human-collected
demonstrations, and iterates through three subroutines:

1) Value function training. We use all of the data collected
to train a large, multi-task value function, V™, which
models the expected time to task completion, thereby
detecting failures or suboptimalities.

2) Advantage conditioned training. To improve the VLA
policy, we include an optimality indicator based on
advantage values derived from this value function in
the VLA prefix. This “advantage conditioned” recipe
provides a simple and effective way to extract improved
policies from deployment data.

3) Deployment data collection. We run the VLA on a task,
labeling each episode with task outcome labels (which
determine the reward), and optionally providing human
interventions that demonstrate corrections for mistakes
in earlier iterations.

Our pre-training phase consists of performing steps (1) and
(2) above on our entire pre-training dataset, which contains
tens of thousands of hours of demonstrations from numerous
tasks and a variety of different robots. Then, for each task, we
perform steps (1), (2), and (3) one or more times to further
improve the VLA. In practice, the specialists are each fine-
tuned independently from the pre-trained model. We describe
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Fig. 3: Value function visualizations. We visualize our learned value function on a laundry folding episode that finished successfully (left), and a refrigerator
manipulation episode that failed (right). The segments highlighted in red show examples of negative advantage, and green parts highlight areas of relatively
high advantage, with the images on top showing the corresponding frames of the episode. These visualizations show that the value function correctly identifies
mistakes in the episode as having negative advantage and models the speed of progress being made.

the value function training and policy training steps below,
and then present our specific instantiation of this approach for
training g ¢ in Section V.

B. Distributional value function training

To train a value function that can act as a reliable critic
for arbitrary tasks, we represent V™ with a multi-task distri-
butional value function ps(V|os,¢) € Ap [71], mapping the
observations o; and language command / to a distribution over
B discrete bins. In our implementation, this value function
uses the same architecture as the VLA policy but with a
smaller VLM backbone. Using R:(7) = ZtT,:t ry to denote
the empirical return of a trajectory 7 from time step ¢ until
the end, we train p,(V |0y, £) by first discretizing the empirical
return value R;(7) into B = 201 bins (using R7 to denote the
discretized returns), and then minimizing the cross-entropy H
over the trajectories in the dataset D:

ngn]ETGD > H(RP(7),ps(V]or, 1)) (1)

o+ET

This is a Monte Carlo estimator for the value function of
the policy represented by the dataset D (i.e., the behavior
policy mf). We can extract a continuous value function, and
thus an advantage, from the learned value distribution using
V704, £) = 3 pefo,p Po(V = blog)v(b), where v(b) denotes
the value corresponding to bin b. During the pre-training phase,
the dataset D corresponds to the human demonstrations, and
the value function captures the expected return for the task
and metadata we condition on. In subsequent iterations, it
skews toward a weighted combination of the return of the
demonstrations and the learned policy.

While this value function can be suboptimal compared to a
Q-function estimator trained via temporal difference learning,
we found it to be simple and highly reliable, while still
allowing for substantial improvement over imitation learning.
Our method could be extended to accommodate off-policy
estimators in future work.

C. Policy extraction via advantage conditioning

Once we have the value function V™, we need an ef-
fective policy extraction method that satisfies several criteria.

First, it needs to be able to handle diverse off-policy data,
comprising the initial demonstrations, the expert interventions,
and autonomous episodes from both the latest policy and
older policies. Second, it needs to be applicable to large
VLA models, including models that use flow matching or
diffusion to generate actions. Third, to improve the policy
with deployment data, it needs to learn from both good (near-
optimal) and bad (suboptimal) data.

Among the existing methods for policy extraction, policy
gradient methods (including regularized and reparameterized
policy gradients) are perhaps the most widely used [65, 72].
However, these methods are difficult to apply to flow match-
ing models, which do not readily provide a tractable log-
likelihood, making them hard to scale up to modern VLA
architectures (see comparison in Section VI). An alternative is
to use weighted regression methods, such as AWR [67, 73, 74],
which implicitly provide for regularization to the behavior
policy and use a simple, importance-weighted supervised
learning objective. However, these methods discard or signif-
icantly downweight a sizable portion of the data, effectively
implementing a kind of filtered imitation technique.

Instead, we use a variant of advantage conditioning [46],
where the policy is trained on all of the data with an additional
input indicating the optimality of the action. This is closely
related to a variety of methods that condition the policy on
some function of the resulting trajectory [45, 48]. The specific
formulation in our method is most similar to CFGRL [4].
Building on the formulation in Section III, we can apply
Bayes’ rule to rewrite the probability of policy improvement
as p(I|A™(0,a)) = mer(all,0)/mer(alo). Applying this to
our setting and including language conditioning, we can obtain
an alternative closed form for the improved regularized policy
described in Section III as

mrer(a]l, o,f))’g . )

#(a,|o,£) o mer(alo, £) ( er(alo. )

For the special case 8 = 1, we get 7(a, |0, ) = met(all, 0, 7).

We can therefore represent 7 without needing to explicitly
represent the improvement probability p(/|A™ (o, a)), if we
train the policy so that it can represent both m¢(alo, ¢) and



mref(a|l, 0,¢). This principle is similar to the approach in
classifier-free guidance (CFG), where a diffusion model is
trained to model the data both with and without a conditioning
variable [4]. We assume the improvement indicator I follows
a delta distribution

p(I|A™ (0, a,0)) = 6(A™ (0,a,£) > €),

with a task dependent improvement threshold ;. This thresh-
old allows us to control the optimality indicator, and mini-
mizes the need for finding an attenuation factor S to sharpen
the improvement conditioned distribution after training.! The
policy objective then corresponds to minimizing the following
negative log-likelihood:

mein Ep, [ —log mg(at|os, £) — alog mg(as| I, oy, E)} ,

where It = ]].(ATrmf(Ot,at,g) > 6[).

3)

The advantage values A™(0;,a:,¢) are obtained from the
value function in the previous section, and « is a trade-off
hyperparameter.

In practice, D, contains data from a mixture of sources,
including demonstrations and autonomous task attempts col-
lected by previously deployed policies. The policy extraction
objective applies to all such data once each action has been
assigned an indicator I; from its estimated advantage. Sec-
tion V-C describes how these indicators are assigned in our
full training pipeline, including the treatment of teleoperated
interventions. As we will discuss in Section V, our VLA
model produces both discrete and continuous outputs, with
the continuous distribution represented via flow matching.
Therefore, the real training objective combines likelihoods for
the discrete values with the flow matching objective for the
continuous values.

V. IMPLEMENTATION, MODEL, AND SYSTEM DETAILS

We instantiate RECAP with a VLA model, based on the
mo.6 VLA [76], which improves upon 7 5 [55] by leveraging
a larger backbone and more diverse conditioning. As shown
in Figure 4, 7§ 4 modifies 7y by introducing conditioning
on the binarized advantage indicator I;, making it suitable
for RL. To estimate advantage during VLA training, we also
train a VLM-initialized value function. In this section, we first
explain how we extend 7 ¢ to incorporate advantages, then
describe the reward and value function, and then elaborate on
our training and data collection processes.

A. From Ty ¢ to 75 ¢ with advantage conditioning

Tg.¢ uses the same base VLA architecture as 7, but
adds advantage conditioning for RL by including a binarized
improvement indicator as an additional text input. Concretely,
we input “Advantage: positive” when [; = True and “Advan-
tage: negative” otherwise. The advantage indicator appears in

IPrior work [4] instead uniformly chose ¢ = 0 and tuned 3 at test time, as
in CFG. However, high CFG weights can drive the action distribution to the
corners of its support (leading to aggressive behavior) and would not affect
the autoregressive part of the model. We found it easier to obtain good results
by instead using the threshold e, to trade off regularization and optimality.

continuous
actions

@ )

discretized
actions

(@) (@

language subtasks and web data
( “tamp the coffee” )]

[ “a dog catches a frisbee” }
1 i
[DDDDDDDDDDDDDODDDD

EX)

pre-trained VLM: SigLIP (486M) + Gemma (4B) (866M)

m*,, vla ‘ action expert

-

N N 4 4
B

“caption the image”

prompts [

binarization
A(o,a)>e

advantage
A(0,a)=r .y +V(0¢,y)-V(0:)

[coocococoocooocooo| |

Value Function
pre-trained VLM: SigLIP (406M) + Gemma (276M)

value head

lCcoococooooooooo] ]
=YY

Fig. 4: Interaction between 7 ; and value function in RECAP. The 7§
VLA uses a pre-trained VLM backbone. Training follows the KI recipe [75],
with next-token prediction on many data sources in pre-training, and a
flow-matching action-expert with stop gradient. Uniquely, the 7§, VLA is
conditioned on a binarized advantage indicator, obtained from a separate value
function initialized from a pre-trained but smaller VLM.

the training sequence after 7 but before the discretized and
continuous actions, such that only the action log-likelihoods
are affected. Apart from this additional conditioning input,
the VLA model is the same as detailed in the w5 ¢ model
card [76]. Following my 5 we train the continuous actions
using the flow matching loss [77] and the discrete actions
with autoregressive cross-entropy loss. It is possible to draw
a close parallel between flow matching and diffusion (under
some assumptions), and the latter in turn can be interpreted as
a lower bound on the log-likelihood [78], so we can roughly
motivate the sum of the log-likelihood of the discrete actions
and the flow matching loss on the continuous actions as a
lower bound on the overall action likelihood:

) ~
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with a% ;= nageym + (1 — n)w, w ~ N(0,I) denoting
the noised action, where 7 € [0,1] is the flow matching time
index and fy denotes the continuous outputs of the diffusion
expert. o, is a loss weighting term. Full details for the loss are
provided in Appendix C. During training, we randomly omit
the indicator I; instead of tuning the loss multiplier « to allow
us to either directly sample from the policy with I; = True
(which corresponds to setting 3 = 1 in Equation (2)), or to
use both a conditional and unconditional model to implement
classifier-free guidance (CFG). See Appendix E for details.



B. Reward definition and value function training

Since our aim is to develop a general and broadly applicable
method for improving the reliability and speed of VLAs from
real-world experience, we use a generic reward definition
based on episode-level success and time to completion. For
successful episodes, we have a constant time penalty for every
step (encouraging the robot to perform the task as quickly as
possible). For failed episodes, we provide a large penalty Cr,
(chosen so as to ensure that failed episodes have low returns)
while successes end with reward 0. Formally, for an episode
of length T', we define the reward for timestep t as:

0 if t = T and success
ry = ¢ —Chry if t = T and failure (@)
-1 otherwise.

Thus, the value function learns to predict the (negative of
the) number of remaining steps until success for successful
episodes, and a large negative value for failed episodes. In
practice, we normalize the predicted values to be between
(—1,0). Since we train on diverse tasks that have very different
typical lengths, we normalize the values per task based on the
maximum episode length of the task.

The value function takes as input the same language inputs
as the 7§ s VLA, and uses the same architecture design, with a
smaller 670M parameter VLM backbone that is also initialized
from Gemma 3 (see Figure 4). To prevent overfitting, we also
co-train the value function on a small mixture of multi-modal
web data. Figure 3 shows visualizations of the value function
on some examples of successful and failure episodes, with
additional visualizations in Figure 11 in Appendix B.

C. Pre-training and learning from experience

The data mixture used in the pre-training phase of our model
largely follows the recipe used by g5 [55], with vision-
language data from the web, prediction of subtasks ¢, and
prediction of low-level actions on a variety of tasks from
many different robots. During pre-training, we first train the
value function on the dataset from Section V-B and compute
the per-task improvement threshold €, as the 30th percentile
of predicted values for task ¢. During VLA training, the
value function is run on-the-fly to estimate A™(oy,a,?)
for each example, which is then used to compute I; based
on €;. As described in Section V-A, I; is provided as input
to 3. yielding a single pre-trained model that represents
mo(ag|lt, 04, ¢) across the full pre-training mixture. Using a
relatively small VLM backbone (670M) keeps on-the-fly value
inference relatively inexpensive, adding approximately 5-10%
wall-clock overhead during training.

For each target task, we then perform one or more iterations
of RECAP independently. To start this policy improvement
loop, we first warm-start the policy by fine-tuning 7 ¢ with
demonstration data D, for the target task /. In this one-
time initialization stage, we fix the indicator I; to True for
all training examples, such that this stage corresponds to
supervised fine-tuning (SFT). The goal of this stage is to obtain

a sufficiently capable initial policy 7y for collecting useful
autonomous deployment data.

Thereafter, each policy improvement iteration consists of
collecting additional deployment data, fine-tuning the value
function on all data collected for the task so far, and then fine-
tuning the policy with updated indicators I;. During deploy-
ment data collection, we always collect some fully autonomous
rollouts. We may additionally collect rollouts monitored by
an expert teleoperator, who can intervene and provide demon-
strations of corrective behavior. For autonomously collected
data, I; € {True, False} depends on the estimated advantage
as described in Section IV-C. For interventions saved by the
teleoperator, we set I; = True, performing “teacher forcing”
analogous to the standard DAgger treatment of interventions as
expert behavior [5]. Although I; could in principle be derived
from the learned advantages for these segments as well, we
deliberately assign positive labels to these corrections so that
the policy treats them as positive-advantage examples during
training. This choice has limitations: human operators cannot
guarantee globally optimal behavior, and intervening during
autonomous execution can be disruptive. Thus, corrections are
useful for fixing large mistakes and overcoming challenges
with exploration, while autonomous rollouts remain important
for learning from the policy’s own successes and failures.
Generalizing this step is an interesting avenue for future work.

Both the value function and policy are fine-tuned from their
respective pre-trained checkpoints, rather than their check-
points from the last iteration. In practice, we found this to be
useful for avoiding drift over multiple iterations. We can repeat
this process for several iterations as needed, though in practice
we found that even one iteration often leads to significantly
improved results. The computational cost of each fine-tuning
iteration varies with task and dataset size; in our experiments,
each iteration averages roughly 200 H100 GPU-hours, with
runs ranging from 20 to 520 H100 GPU-hours. At test time,
RECAP introduces no additional inference overhead relative to
the base VLA, since the deployed policy conditions directly
on the positive advantage indicator rather than querying the
value function online. On an H100 machine, end-to-end policy
inference latency is approximately 100-150 ms.

V1. EXPERIMENTAL EVALUATION

Our experiments focus on the following questions:

(1) How much does RECAP improve the policy?

(2) How does RECAP improve 7y ¢ over multiple iterations?

(3) How does the advantage-conditioned policy extraction
method in RECAP compare to alternatives, such as AWR [67]
or PPO-based diffusion training [21, 65]?

(4) Does using autonomous rollout data help compared to
just using demonstrations and corrections?

(5) Can RECAP significantly alter policy behavior with
relatively little data and remove a failure mode?

We use a two-arm robot platform shown in Figure 6 and
consider a set of realistic tasks depicted in Figure 2: mak-
ing espresso drinks, folding diverse laundry, and assembling
boxes. Each task requires multiple steps, takes 5 to 15 minutes
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Fig. 5: Evaluation tasks and success criteria. We evaluate three laundry variants, box assembly, and making espresso drinks. For each rollout, human
annotators assess task completion using the task-specific quality criteria shown here, such as fold quality and placement for laundry or damage and stability
of stacking for box assembly. These criteria are aggregated into a binary success label for reporting success rate.

i < base camera
| wrist cameras —— C

3x images

“~—  2x 6 DoF arm + 1 DoF gripper

Fig. 6: Our robot setup. For experiments, we use a static bimanual system
with two 6 DoF arms with parallel jaw grippers. The arms are controlled at 50
Hz with joint positions. Observations consist of joint and gripper positions, as
well as images from three cameras: a base camera and wrist-mounted cameras.

to complete, and involves complex manipulation behaviors
such as constrained forceful manipulation, pouring liquids,
and manipulating cloth or cardboard. For each task, RECAP
improves the policy using additional rollouts and interventions
collected in the target deployment setting, and we evaluate the
resulting policy in that same setting. We report success rate
and throughput, where throughput is the expected number of
successful task executions per hour. The evaluation tasks and
success criteria are shown in Figure 5, with additional details
in Appendix A.

A. Comparisons

We compare the following models:

o Pre-trained 7 5 [55] is a baseline that represents a state-
of-the-art pre-trained VLA that does not use RL.

e Pre-trained 7 ¢ [760] is a baseline that uses the same
architecture as 7 ; but omits the advantage indicator I,
and therefore does not use offline RL pre-training.

o RL pre-trained 7 4 is our pre-trained model, pretrained
with offline RL as described in Section V-C.

o 7y offline RL + SFT is trained by fine-tuning the pre-
trained 7 s model with hand-curated data. It represents

the classic single-task fine-tuning recipe. During fine-
tuning, the advantage values are fixed to True.

e 7 ¢ (Ours) is our final model obtained by RECAP on the
target task, fine-tuned on deployment data.

e T, - Auton. is an ablation model that is fine-tuned on
the demonstration and intervention data only, removing
autonomous deployment data.

We also consider two alternative policy extraction methods
from the literature as baselines, both of which use the same
on-robot data as RECAP but a different policy learning method:

o« AWR. Starting from a pre-trained my ¢ model (without
advantage conditioning), we fine-tune wth advantage
weighted regression [67] using the advantages extracted
from our value function.

« PPO. We implement a variant of DPPO/FPO [21, 79] in
which we calculate likelihoods based on the single step
diffusion objective and use an alternative definition of the
PPO constraint following SPO [80] (see Appendix D).

B. Quantitative results

(1) How much does RECAP improve the policy? We report
throughput and success rates for each of the model variants
on all tasks in Figures 7a and 7b. Across all tasks, the final
7.6 model significantly improves over the base (supervised)
To.¢ model, the RL pre-trained 73 4 model, and the offline
RL + SFT 7 ¢ model. Throughput more than doubles on
the diverse laundry folding and espresso tasks from including
on-robot data (the improvement from offline RL + SFT to
the final 7 ; model), and the rate of failure reduces by about
a factor of two. On the T-shirts and shorts task, the success
rate is already close to the maximum after the SFT phase, but
throughput still increases by a significant margin.

On all tasks except diverse laundry, the success rate of the
final 75 o model is in the 90%+ range, making it feasible to use
in practice: making espresso drinks at an office or assembling
boxes in a factory. For the box assembly task, Figure 7b (right)
contains a breakdown of the task success over its four stages:
picking up a box sheet, building the box, labeling the box,
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(b) Success rates. We report success rates with standard error for all tasks, finding that each component of RECAP consistently improves performance. The most challenging diverse

laundry and espresso tasks exhibit the largest gains, with more than a 2 X reduction in fail
RECAP achieves the most consistent and highest success across all subtasks.

ure rates. For box assembly, we further break down success rates per individual subtasks;

Fig. 7: Quantitative results We show the efficacy of RECAP in improving policy performance with deployment data in terms of throughput and success rates.
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Fig. 8: Policy improvement over multiple iterations. RECAP can be used
to iteratively improve policy performance.

and placing it at an available spot in a crate. )4 attains
higher success rates for all of the stages compared to the
other models. The majority of failures on these stages happen
because the policy runs out of time.

(2) How much does RECAP improve T ¢ over multiple itera-
tions? We next study how RECAP improves policies through
multiple iterations. For the T-shirt folding task, we collect data
using only autonomous evaluations (without human correc-
tions) to perform policy improvement over two iterations, in
order to evaluate how well our method can improve the policy
completely autonomously. We collect 300 trajectories on four
robots in each iteration. Box assembly uses both autonomous
and teleoperated intervention data, with 600 autonomous trials
and 360 trials with interventions per iteration.

We see the impact on throughput and success rate over
iterations in Figure 8, comparing two iterations of RECAP,
denoted by ¢ = 1, ¢ 2 respectively. The final iteration,
labeled (Ours), corresponds to the overall best result for these
tasks presented in the previous section. We also compare the
initial data collection policy, which uses the offline RL pre-
trained 7 4 model with SFT fine-tuning.

For both tasks, 7 improves throughput over the two
iterations. In the laundry task, we see steady improvement
yielding an overall 50% improvement in throughput. Here,
the first iteration already raises the success rate to over 90%,
while the second iteration mainly improves throughput. For the
box assembly task, we see clear improvements in the success
rate over both iterations. While there are still some failures
(especially when placing the box on the stack at the end), the
final policy achieves a success rate of about 90% both for
folding the box and labeling it in the allocated time limit of
600 seconds. Here we see a 2x improvement in throughput
during the second iteration.
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Fig. 9: Comparison of different policy extraction methods. RECAP achieves
the highest throughput for the laundry task compared to alternative policy
extraction methods like AWR and PPO. The full RECAP recipe (Ours) is
better than training without autonomous data (Ours-Auton.).
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Fig. 10: Failure mode removal. RECAP is effective at removing failure modes
that would be considered non successful under the strict criteria.

(3) How does the advantage-conditioned policy extraction
method in RECAP compare to other methods? To answer this
question, we use the T-shirts and Shorts task, and to ensure a
controlled comparison, we use the same data that was used to
train our final model for all methods. This provides a slight
advantage to the baselines, since they have access to better
data that was collected while running RECAP. As shown in
Figure 9, while both AWR and PPO can attain reasonable
results, they both fall far short of our method, and struggle to
improve over the offline RL + SFT 7j 4 model. For PPO,
we had to use a small trust-region constraint (n = 0.01)
to stabilize training in this off-policy setting, and while this
makes training stable, the method does not achieve good
performance. AWR can achieve a reasonable success rate, but
leads to much slower policies with lower throughput.

(4) Does using autonomous rollout data help compared to just
using demonstrations and corrections? As shown in Figure 9
we find that RECAP without autonomous data (- Auton.) per-
forms worse than using the full combination of demonstration,
corrections and autonomous data for the laundry task (T-shirts
and Shorts). We find that the relative usefulness of correction
vs. autonomous data is task dependent but generally observe
best results when using both.

(5) Can RECAP significantly alter policy behavior with rel-
atively little data and remove a failure mode? While the
preceding experiments have focused on holistic end-to-end
evaluations of policy performance, here we zoom in on a
specific failure mode to examine whether RL training with
RECAP can remove a specific mistake from the policy. For
this experiment, we use a version of the laundry task with
a strict success criterion, which requires the policy to fold a
T-shirt with the collar centered and facing up. Each episode
is initialized with a specific adversarial condition in which

the shirt is placed flat on the table in such a way that the
baseline offline RL + SFT policy often fails to fold it correctly.
As shown in Figure 10, applying RECAP in this setting for
two iterations (collecting 600 trajectories in each iteration)
results in a policy that succeeds 97% of the time, and with
high speed. Thus we conclude that RECAP can be effective at
removing specific failure modes, even when learning entirely
from autonomously collected deployment data.

VII. CONCLUSION

Training policies that can achieve human-like robustness,
speed, and fluency on real-world tasks presents a major
challenge in robotic learning. This paper explores how learning
from experience, through a combination of DAgger-style cor-
rections and RL, can help address this challenge. We introduce
RECAP, a scalable RL-based method for training VLAs that
uses advantage conditioning for policy extraction, learning
from autonomous trials, reward feedback, and targeted human
interventions. We evaluate a model trained with RECAP, 7 4,
on realistic tasks including making espresso drinks, folding
diverse laundry, and assembling boxes. Our experiments show
that RECAP improves both success rate and throughput, more
than doubling throughput on some of the harder tasks while
reducing failures by approximately 2x.

There are several directions for improvement with RECAP.
First, our system is not fully autonomous: it relies on human
labeling and effort for reward feedback, interventions, and
episode resets. Second, our system is relatively naive in how
it approaches exploration: we rely on the stochasticity of
the policy and human interventions to explore new solutions.
Third, several implementation choices in RECAP—including
the value discretization, advantage threshold, and intervention
labeling scheme—are practical design choices that worked
well empirically, but may not be optimal; more systematic
sensitivity studies would be valuable in future work. Lastly,
RECAP performs iterated “offline” updates (i.e., it collects a
batch of data, retrains the model, and repeats), rather than
running a fully online RL loop where the model is updated
while data is collected. More broadly, RL with VLLAs presents
a number of unique challenges, from the difficulty of large-
scale RL training of high capacity models to sample com-
plexity, autonomy, and delayed feedback. While existing RL
frameworks designed for smaller-scale systems or LLMs can
provide a good starting point, more research will be needed
to make RL a practical tool for VLA training. We hope that
our work represents a meaningful step in this direction.
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