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Vision Language Action (VLA) models have become an important approach to robotic
manipulation by integrating visual observations, language instructions, and robot states for
action generation. Nevertheless, behavior cloning-based VLA policies remain vulnerable to
distribution shifts, accumulated execution errors, and failure recovery difficulties during long
horizon closed-loop operation. This paper investigates whether an auxiliary value
architecture can improve the reliability of VLA policy learning without replacing the policy as
the low-level controller. We present a controlled real-robot study on a LeRobot SO-101
platform covering block grasping, placing, and sorting tasks. The study compares three
policy architectures, namely ACT, diffusion policy, and SmolVLA, and two value
architectures, namely ValueLite and ValueVision. The value models estimate state quality,
identify early failure precursors, and generate Advantage-Conditioned Policy (ACP) labels
for policy retraining. Our evaluation considers policy-only success, human-assisted success,
intervention rate, recovery success, completion time, action smoothness, value prediction
error, early failure detection, and inference cost. In addition, data-controlled and
mechanism-level ablations are designed to separate the effects of additional recovery or
rollout data from the effects of learned value signals and ACP conditioning. The results show
that value models provide useful trajectory ranking and failure-detection signals in the
studied manipulation setting. Value-guided variants improve assisted task completion and
reduce takeover frequency relative to recovery-only training, although these gains must be
distinguished from fully autonomous policy performance. Overall, the study supports
value-guided VLA retraining as a practical approach for improving closed-loop manipulation
reliability, while also identifying the limitations imposed by task diversity, evaluation scale,
model size, and the reliability of the value target.
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1. INTRODUCTION
Robotic manipulation requires an agent to interpret task instructions, perceive object
and robot states, and generate temporally-consistent control actions under physical
uncertainty. These requirements become more difficult in long horizon tasks, where
small action deviations may accumulate and eventually cause grasping failures, object
displacement, or loss of task progress. Traditional imitation-learning policies, including
Action Chunking with Transformers (ACT) and diffusion policy, learn mappings from
multimodal observations to action sequences through behavior cloning [1]. ACT predicts
temporally-correlated action chunks [2], whereas diffusion policy represents multimodal
action distributions through conditional diffusion [3]. These approaches can perform
effectively in single-task or relatively structured environments, but their performance
may degrade under language variation, task switching, execution perturbations, and
state distributions that differ from the demonstrations.
Vision language action (VLA) models extend this paradigm by combining visual lan-
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guage representations with robot action generation. Rep-
resentative systems, including SmolVLA, OpenVLA,
Octo, GR00T, and the π0 family, use different forms of
pretrained visual, language, and action representations
to improve task conditioning and cross-scene transfer
[4, 5, 6, 7, 8]. However, these models do not eliminate
the difficulties associated with real-robot deployment.
In particular, a VLA policy may experience inference
latency, compounding errors, incomplete coverage of
failure states, and distribution shifts caused by imperfect
demonstrations or unsuccessful rollouts. These prob-
lems are especially apparent in long horizon closed-loop
manipulation, where a policy must continuously recover
from small deviations rather than simply produce a cor-
rect action at a single time step.
Most policy-learning pipelines treat the control loop
primarily as an action-generation problem. Once the
policy has been trained, its predictions are executed
sequentially, while the quality of the current state and
the likelihood of future failure are not explicitly modeled.
This separation between action generation and state
evaluation limits the ability of the learning system to
identify low-quality trajectory segments, preserve useful
recovery behavior, and use failure information during
policy retraining.
This paper studies a complementary policy–value formu-
lation for real-robot VLA manipulation. Instead of using a
value model as an additional low-level controller, we use
it as an auxiliary evaluator of visual-proprioceptive states
and trajectory segments. The value model estimates a
task-progress and failure-risk surrogate, which can be
used to rank states, identify early failure precursors, and
construct training labels for policy improvement. In
particular, we convert value-based advantage estimates
into discrete Advantage-Conditioned Policy (ACP) labels.
These labels are used to distinguish higher-quality and
lower-quality trajectory segments during VLA policy
retraining. This formulation is related to value-guided
imitation learning and offline reinforcement learning [9,
10, 11, 12, 13], but the present study focuses on its imple-
mentation and evaluation in a real-robot VLA pipeline.
We construct a controlled experimental framework with
five functional stages: data collection, value target con-
struction, value model training, ACP annotation, and
policy retraining. The framework is evaluated on a phys-
ical LeRobot SO-101 platform using block manipulation
tasks, including grasping, placing, and sorting. The
policy comparison includes ACT, diffusion policy, and
SmolVLA. The value comparison includes ValueLite, a
lightweight visual-proprioceptive value model, and Val-
ueVision, a vision-enhanced value model. To isolate the
contribution of value guidance, we use data-controlled
comparisons that fix the training data pool while varying
the use of learned value signals and ACP conditioning.
Additional control groups quantify the effects of adding
recovery and rollout data. In addition to aggregate suc-
cess rate, we report policy-only success, human-assisted

success, intervention rate, recovery success, completion
time, action variation, value prediction error, early failure
detection, and inference cost.
The scope of this work is deliberately limited. The ex-
periments are conducted on one SO-101 platform and
primarily evaluate structured block manipulation tasks.
Therefore, the paper does not claim that the investigated
policies or value models provide universal performance
across robot embodiments, open-world tasks, or all cur-
rent VLA architectures. Recent generalist policies, in-
cluding the π0 family, are considered in the broader
architectural context and will be included in the quantita-
tive comparison only when a compatible implementation
and a fair evaluation protocol are available. The main
objective is instead to determine whether value-guided
policy retraining provides a measurable and reproducible
benefit under a shared real-robot evaluation setting.
This study addresses the following research questions:
1. Under a shared observation interface, action space,

demonstration split, and evaluation protocol, how do
ACT, diffusion policy, and SmolVLA differ in closed-
loop success, action stability, completion time, and
inference cost?

2. How effectively can ValueLite and ValueVision es-
timate state quality, separate successful and failed
trajectory segments, and identify failure precursors
before task failure or human intervention?

3. After controlling for the training data pool, does ACP
conditioning generated by a learned value model pro-
vide an incremental benefit beyond the gains obtained
from adding recovery and rollout data?

4. What are the practical trade-offs between lightweight
and vision-enhanced value models in terms of pre-
diction quality, intervention reduction, autonomous
performance, latency, memory usage, and deployment
cost?

The contributions of this work are as follows:
1. We establish a controlled real-robot evaluation pro-

tocol for comparing policy and value components in
VLA-based block manipulation. The protocol uses
shared observation, action, task, and evaluation inter-
faces and separates fully autonomous performance
from human-assisted completion.

2. We compare a lightweight value model and a vision-
enhanced value model using multiple criteria, includ-
ing value prediction error, success–failure separation,
early failure area under the ROC curve, lead time,
ACP precision, inference latency, and computational
cost.

3. We formulate a data-controlled evaluation of ACP-
based policy retraining. The protocol distinguishes
the effect of additional recovery or rollout data from
the incremental effect of learned value labels and
includes ablations for random labels, value-guided
labels, filtering-only, and prompt-only mechanisms.

4. We identify the conditions and limitations under which
value-guided VLA retraining can improve closed-loop
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manipulation reliability. In particular, we distinguish
assisted task completion and intervention reduction
from fully autonomous policy-only success, and we
report uncertainty and statistical evidence rather than
relying solely on aggregate success-rate differences.

2. RELATED WORK
2.1 Imitation learning for robot manipulation
Behavior Cloning (BC) learns a mapping from robot
observations to demonstrated actions by minimizing an
action prediction loss [1]. It has been widely used in robot
manipulation because it can learn task-specific behaviors
from relatively small demonstration datasets. However,
one-step action prediction can accumulate small errors
during long horizon execution. Once the robot state
deviates from the demonstration distribution, the policy
may produce actions for states that were rarely observed
during training. This distribution-shift problem can lead
to trajectory drift, unstable contact, and failure to recover
after an execution error.
Action Chunking with Transformers (ACT) addresses
part of this problem by predicting a temporally-ordered
block of future actions instead of an isolated action at
each control step [2]. The action chunking formulation
can improve short-term temporal consistency and reduce
the sensitivity to individual prediction errors. Neverthe-
less, action chunking alone does not explicitly evaluate
whether the current state is progressing toward task com-
pletion. Its performance may therefore still degrade when
the robot encounters unfamiliar object configurations,
contact states, or recovery situations.
A diffusion policy formulates action generation as condi-
tional de-noising over a sequence of continuous actions
[3]. By modeling a conditional action distribution, it can
represent multiple feasible motion patterns and avoid the
averaging behavior that may occur with deterministic re-
gression. This property is useful for manipulation tasks
in which the same object can be approached through
different trajectories. However, diffusion-based action
generation introduces additional inference steps and may
be sensitive to control frequency, inference latency, and
closed-loop state deviations. In this paper, ACT and
diffusion policy are used as action-generation baselines,
while the main VLA policy is evaluated separately.

2.2 Offline reinforcement learning and value-
guided imitation

The use of value information to improve imitation learn-
ing is closely related to offline reinforcement learning and
advantage-weighted policy optimization. Advantage-
Weighted Regression (AWR) re-weights behavioral data
according to estimated advantages, thereby assigning
greater influence to actions associated with higher re-
turns [9]. Advantage-Weighted Actor-Critic (AWAC)
extends this idea to combine offline data with subsequent
online interaction [10]. Q-filtered behavior cloning uses

a learned action-value function to retain or emphasize
actions that are estimated to be better than the current
policy [11]. Implicit Q-Learning (IQL) avoids direct
maximization over out-of-distribution actions and uses
expectile regression to extract value information from
offline datasets [12]. A decision transformer provides
another formulation by conditioning action prediction
on desired returns rather than explicitly learning a con-
ventional value function [13].
These methods provide important foundations for using
trajectory quality or advantage estimates during policy
learning. The present study is related to this line of work
but has a different experimental focus. We do not propose
a new general offline reinforcement learning algorithm,
nor do we directly optimize a reinforcement learning
objective over an unconstrained action space. Instead,
an auxiliary value model receives visual observations,
robot states, and task information, estimates the quality
of the current state, and produces discrete Advantage-
Conditioned Policy (ACP) labels. These labels are used
for trajectory filtering and policy conditioning while the
underlying VLA policy continues to be trained with its
original imitation-learning objective.
This distinction is important for real-robot experiments.
The value model is treated as an auxiliary signal genera-
tor rather than as a replacement for the policy controller.
Consequently, the contribution of the value model must
be separated from the effects of adding recovery or rollout
data. The revised experiments therefore include data-
matched and label-matched ablations to evaluate whether
improvements arise from additional data, value-based
sample selection, ACP conditioning, or their combina-
tion.

2.3 Intervention learning and recovery poli-
cies

A major source of difficulty in real-robot learning is that
failures often occur outside the distribution covered by
successful demonstrations. Dataset Aggregation (DAg-
ger) addresses this problem by iteratively collecting ex-
pert labels on states visited by the learned policy. Related
intervention-based approaches allow a human operator
to take control when the policy enters an unsafe or unre-
coverable state, and then use the resulting corrective be-
havior for subsequent policy updates. These approaches
have been applied to autonomous driving, manipulation,
and other sequential decision-making problems.
Recovery learning focuses more specifically on generat-
ing actions that return the system from a deviated state
to a task-progressing state. Recovery demonstrations
can contain information that is absent from ordinary suc-
cessful demonstrations, including contact correction, re-
approach behavior, object repositioning, and post-failure
stabilization. Such data can improve the coverage of the
training distribution, but the benefit may be caused by
the additional data itself rather than by any value-guided
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The present work uses recovery trajectories as an explicit 
control condition. SmolVLA-Recovery is trained with 
additional recovery data but without value-derived ACP 
labels. Value-guided variants use the same controlled 
data pool and add value-based filtering or ACP condi-
tioning. This design separates recovery-data expansion 
from the use of an auxiliary value signal. Unlike standard 
DAgger, the current study does not assume that every 
visited state is relabeled by an expert. Instead, it focuses 
on how existing intervention and recovery trajectories 
can be evaluated and reused during VLA retraining.

2.4 Vision language action policies and robot
foundation models

Vision language action policies extend robot learning by
conditioning action generation on visual observations,
language instructions, and robot state. Earlier robot foun-
dation models such as RT-1 and RT-2 demonstrated the
potential of learning language-conditioned manipulation
policies from large-scale robot and vision language data.
PaLM-E incorporated visual and sensor observations into
a large language-model-based embodied reasoning sys-
tem, while SayCan combined language-model reasoning
with affordance or value estimates to select feasible robot
skills.
More recent generalist policies, including Octo, Open-
VLA, π0, and GR00T, investigate large-scale pretrain-
ing, cross-task transfer, cross-embodiment learning, and
language-conditioned action generation. These models
differ substantially in backbone, model size, pretrain-
ing data, robot embodiment, action representation, and
fine-tuning protocol. Therefore, numerical comparisons
across these systems should be interpreted carefully un-
less the observation interface, task data, hardware plat-
form, and evaluation protocol are controlled.
SmolVLA is used in this paper as the primary VLA policy
because it provides a practical vision language action
interface and can be trained within the experimental data
and hardware constraints of the SO-101 platform. The
role of SmolVLA in this study is not to represent all VLA
models. Instead, it provides a common policy backbone
for evaluating whether an auxiliary value architecture
can improve closed-loop manipulation under a fixed task
and robot setting. ACT and diffusion policy are included
as non-VLA action-generation baselines, allowing the
experiments to compare action chunking, conditional dif-
fusion, and language-conditioned policy learning under
a shared observation and action interface.

2.5 Value models for robotic manipulation
Value-related models have been used in robotics for sev-
eral purposes, including success prediction, reward esti-
mation, affordance prediction, trajectory ranking, failure
detection, and intervention timing. A success classifier
can estimate whether an episode or state is likely to lead

to task completion. A reward or value model can provide
denser supervision than a terminal success label. Visual
affordance models can estimate whether an object or
region is suitable for a particular manipulation action.
Failure-prediction models can identify abnormal visual
or proprioceptive patterns before a task failure becomes
irreversible.
However, a value model for real-robot manipulation
must address several sources of uncertainty. Contact
dynamics, occlusion, lighting changes, object displace-
ment, and sensor noise can make the same nominal state
appear different across trials. In addition, a state may be
recoverable even if it differs substantially from a success-
ful demonstration distribution. For this reason, the value
model should not be evaluated only by scalar prediction
error. Ranking quality, success-failure separation, early
failure detection, calibration, lead time, and downstream
policy utility are also relevant.
In this paper, ValueLite and ValueVision are introduced as
two value-model variants within the proposed evaluation
framework. ValueLite combines visual features, robot
state features, and task information using a lightweight
visual encoder and a distributional value head. It is in-
tended to provide a low-cost value estimate for frequent
training iterations and online diagnosis. ValueVision
uses two complementary visual encoders, DINOv2 and
SigLIP, to examine whether geometric and semantic vi-
sual features improve state quality estimation in manip-
ulation scenes involving object relations, occlusion, and
language-conditioned targets.
Both models share the same value-target definition, out-
put interface, and evaluation protocol. Their architectural
difference is therefore used to study the trade-off between
visual representation capacity, value prediction quality,
and computational cost. The detailed feature-fusion equa-
tions, value-target construction, distributional learning
objective, and ACP generation procedure are presented
in Section 3.

2.6 Positioning of this work
This paper studies the interaction between policy archi-
tecture, value architecture, and recovery-oriented data in
real-robot VLA manipulation. Its scope is narrower than
a general comparison of all robot foundation models.
The contribution is organized around three controlled
questions.
First, under a shared observation interface, action space,
demonstration dataset, and evaluation protocol, how do
ACT, diffusion policy, and SmolVLA differ in closed-loop
manipulation behavior? Second, when the value target
and training data are fixed, how do a lightweight value
model and a vision-enhanced value model differ in state
quality estimation and early failure detection? Third,
after controlling the policy-retraining data pool, does
value-derived ACP provide an additional benefit beyond
the benefit of adding recovery or rollout data?
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The work is therefore complementary to offline rein-
forcement learning, intervention learning, and robot
foundation-model research. It does not claim that ACP
replaces advantage-weighted policy optimization, that
the proposed value target is a universally valid return
function, or that the evaluated policy architectures are
representative of all current VLA systems. Instead, it pro-
vides a controlled case study of how an auxiliary value
model can be integrated into VLA retraining for long
horizon block manipulation on a real robotic platform.

3. METHOD
3.1 Overall framework
This paper studies whether an auxiliary value model
can improve the closed-loop reliability of a VLA policy
during real-robot manipulation. The value model is not
used as a low-level controller. Instead, it evaluates the
quality of observed states and generates auxiliary signals
for trajectory selection and policy retraining.
The framework contains four stages. First, policy models
are trained using the standardized observation and ac-
tion interfaces described below. The policy comparison
includes ACT, diffusion policy, and SmolVLA. Second,
value models are trained from trajectory-level and frame-
level supervision obtained from successful, failed, and
recovery episodes. The value-model comparison in-
cludes ValueLite and ValueVision. Third, the trained
value model estimates the quality of states in the policy-
retraining data and generates Advantage-Conditioned
Policy (ACP) labels. Finally, SmolVLA is retrained using
the controlled data pool with or without ACP signals.
The experimental design separates three factors that may
otherwise be confounded:
1. the policy architecture;
2. the amount and composition of policy-retraining data;
3. the use of learned value signals and ACP conditioning.
Accordingly, the recovery-only baseline is compared
with a data-expanded behavioral-cloning baseline before
evaluating value-guided variants. This design allows the
contribution of the value signal to be evaluated beyond
the effect of adding recovery or rollout data.
The complete data flow is summarized as follows:
1. Collect successful demonstrations, closed-loop roll-

outs, and recovery trajectories;
2. train the policy and value models using episode-level

data partitions;
3. estimate state quality values for training frames;
4. compute advantage scores and construct ACP labels;
5. retrain SmolVLA using identical data and optimiza-

tion settings across controlled variants;
6. evaluate autonomous execution, human-assisted exe-

cution, intervention frequency, and recovery behavior
on an independent evaluation set.

3.2 Multimodal observation interface
To make the policy and value-model comparisons as
consistent as possible, we define a shared multimodal
observation interfaceO. Each observation consists of two
RGB images, robot proprioceptive states, and a natural-
language task description:

ot =
(︂
Ig
t , I

w
t , qt, gt, c

)︂
, (1)

where Ig
t denotes the global-view image, Iw

t denotes the
wrist-camera image, qt denotes the robot joint configura-
tion, gt denotes the gripper state, and c denotes the task
description.
The global camera provides information about the ob-
ject layout, tray position, workspace context, and target
location. The wrist camera provides local information
about object geometry, contact configuration, gripper
alignment, and partial occlusion near the end effector.
The visual inputs are synchronized at each control step
and processed using the preprocessing procedure speci-
fied in the experimental configuration. Unless otherwise
stated, the images are resized to 224 × 224 pixels. The
proprioceptive state contains six dimensions: five joint-
position values and one continuous gripper-opening
value. The same state definition and normalization pro-
cedure are used for all policy and value models.
The proprioceptive input is read directly from the robot
bus. No additional velocity estimation or temporal fil-
tering is applied in the common interface, so that the
comparison does not introduce different temporal prepro-
cessing pipelines across models. Model-specific visual
encoders may apply their own standard feature extrac-
tion after the shared input preprocessing.

3.3 Policy architectures
We compare three policy architectures under the common
observation interface and action space.

3.3.1 ACT
ACT predicts a temporally-ordered action chunk rather
than an isolated action at every control cycle. This for-
mulation can improve short-term temporal consistency
and reduce the sensitivity to individual action predic-
tion errors. In the present study, ACT is trained using
the demonstration dataset and evaluated as a non-VLA
imitation-learning baseline.

3.3.2 Diffusion policy
Diffusion Policy generates an action sequence through
conditional de-noising. Its conditional action distribu-
tion can represent multiple feasible trajectories for the
same task and observation. The method is evaluated
using the same visual inputs, robot state definition, task
descriptions, and action representation as the other policy
baselines. The additional inference cost associated with
iterative de-noising is reported separately.
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Figure 1 – The modular pipeline of the multimodal observation interface. The visual modality encompasses asymmetric dual-camera views cropped
to standard shapes, while the proprioceptive branch continuously ingests raw bus vectors from the hardware follower arm.

3.3.3 SmolVLA
SmolVLA receives visual observations, robot states, and
natural language task descriptions, and generates con-
tinuous robot actions or action sequences. It is used as
the primary VLA policy because it provides a common
interface for behavior-cloning, recovery-data retraining,
and ACP conditioning.
The policy comparison is intended to evaluate behav-
ior under a shared local robot-learning setup. It is not
interpreted as a ranking of all existing VLA or robot foun-
dation models. Differences in model size, pretraining
data, initialization, and computational requirements are
reported separately in the experimental section.

3.4 Value architectures
The value model estimates the quality of the current state
relative to the task objective. It does not generate low-
level actions and does not replace the policy controller. Its
outputs are used for state ranking, early failure analysis,
trajectory filtering, and ACP-label construction.
We evaluate two value-model variants.

3.4.1 ValueLite
ValueLite is a lightweight multimodal value model de-
signed for rapid training and inference. It combines
visual features from the global and wrist cameras with
proprioceptive features and task information. Let fR(·)
denote the visual encoder, fs(·) denote the proprioceptive
projection network, and e(c) denote the task embedding.
The fused representation is

ht = LN
(︂[︂

fR(Ig
t ), fR(Iw

t ), fs(qt, gt), e(c)
]︂)︂
, (2)

where LN denotes LayerNorm and [·] denotes feature
concatenation.

In the revised implementation, the exact visual backbone,
frozen or trainable status, feature dimension, and op-
timization configuration are fixed across all runs and
reported in the reproducibility appendix. These details
must not be described ambiguously as “ResNet18/34/50.”

3.4.2 ValueVision
ValueVision uses two visual encoders to examine the ef-
fect of geometric and semantic visual representations on
state quality estimation. Let fD(·) denote the DINOv2 en-
coder and fS(·) denote the SigLIP encoder. Their features
are projected into a common latent space:

vt =Wp

[︂
fD(Ig

t , I
w
t ), fS(Ig

t , I
w
t )
]︂
, (3)

where Wp is a learnable projection matrix. The projected
visual representation is then combined with propriocep-
tive and task features:

ht = LN
(︁[︁

vt, fs(qt, gt), e(c)
]︁)︁
. (4)

DINOv2 is used to provide features related to object
geometry and spatial structure, whereas SigLIP provides
language-aligned visual features. The exact encoder
versions, parameter counts, frozen layers, and feature di-
mensions are reported in the experimental configuration.
Both value architectures use the same target construction,
output interface, training split, and evaluation metrics.
Their primary difference is the visual representation and
associated computational cost.
The two value models have substantially different pa-
rameter scales. ValueLite contains 11.462M parameters,
of which 0.276M are trainable under the frozen-ResNet18
configuration. ValueVision contains 1185.766M param-
eters, including the frozen DINOv2-large and SigLIP-
SO400M encoders, while 0.683M parameters are trainable
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Table 1 – Comparison of the value architectures used in this study. Parameter counts are measured from the checkpoints used for the reported
experiments.

Model Visual Backbone Input Features Value Head and
Output

Total
Params.

Trainable
Params.

Role in This Study

ValueLite Frozen ResNet18 Two RGB views,
robot joint positions,
gripper state, and
task embedding

MLP fusion head
with a 201-bin
distributional value
output

11.462M 0.276M Low-cost state
quality estimation
and ACP-label
generation

ValueVision Frozen DINOv2-large
and SigLIP-SO400M
encoders

Geometric visual
features,
language-aligned
visual features, robot
state, and task
embedding

Feature projection
and multimodal
fusion followed by a
201-bin
distributional value
output

1185.766M 0.683M Fine-grained visual
state evaluation and
early failure analysis

in the reported configuration. Therefore, the comparison
is interpreted as a comparison between two value-model
configurations with different representation capacities
and computational costs, rather than as a parameter-
matched comparison.

3.5 Value target construction
The proposed target is a task-progress and failure-risk
surrogate rather than a universally valid Markovian
return. It is designed to transform episode-level success
or failure information into a frame-level supervision
signal.
Let Te denote the length of episode e, t denote the current
time step, and Tmax,c denote the maximum episode length
for task c. Let me ∈ {0, 1} indicate whether episode e is
unsuccessful. We first define an unnormalized episode-
dependent target:

G(e)
t = − (Te − t − 1) −mecfailTmax,c, (5)

where cfail is the failure-penalty coefficient.
The first term provides a coarse measure of temporal
progress: states closer to the end of an episode receive
larger values. The second term penalizes states belonging
to unsuccessful episodes. This target does not by itself
guarantee that a state is recoverable or that it satisfies the
Bellman optimality equation. Its interpretation depends
on consistent task termination, episode segmentation,
and task-specific normalization.
For each task c, the target is normalized to the interval
[−1, 0]:

y(e)
t = clip

(︂
Nc(G

(e)
t ),−1, 0

)︂
, (6)

whereNc(·) denotes the task-specific normalization func-
tion. The exact normalization range, cfail, and Tmax,c are
reported in the experimental configuration. A value
closer to 0 indicates greater estimated task progress un-
der this surrogate target, whereas a value closer to −1
indicates lower progress or higher estimated failure risk.
This target has two important limitations. First, episode
length is only a proxy for task progress and may not be

monotonic in all manipulation scenarios. Second, failed
episodes may contain useful recovery states even though
they receive a failure-level penalty. For this reason, in-
tervention and recovery frames are treated separately
during ACP construction, and the value model is eval-
uated using both prediction metrics and downstream
policy metrics.

3.6 Distributional value learning
Rather than directly regressing a single scalar, the value
model predicts a discrete distribution over B value bins.
In the current configuration, B = 201. Let yk denote the
center of the k-th bin. The value head produces logits
and probabilities:

zt =Wvht + bv, pt = softmax(zt), (7)

where pt,k denotes the probability assigned to the k-th
bin.
The scalar value used for ranking is the expectation of
the predicted distribution:

Vφ(ot, c) =
B∑︂

k=1

pt,kyk. (8)

For a continuous target yt, the target is projected onto the
two adjacent bin centers. If y j ≤ yt ≤ y j+1, the soft target
distribution is defined as

ỹt, j =
y j+1 − yt

y j+1 − y j
, ỹt, j+1 =

yt − y j

y j+1 − y j
, (9)

with all other entries equal to zero. The value model is
optimized using distributed cross-entropy:

Lvalue = −

B∑︂
k=1

ỹt,k log pt,k. (10)

Distributional prediction allows the model to represent
uncertainty in the predicted target under visual occlusion,
contact variation, and noisy supervision. However, the
dispersion of the predicted distribution is treated only as
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an auxiliary diagnostic unless it is separately calibrated. It
is not assumed that the variance of the output distribution
is automatically equivalent to execution risk.
The value model is evaluated using value MAE, success-
failure separation, early failure AUC, lead time, ACP
precision, calibration measures where applicable, and
computational cost. These metrics are reported jointly
because a lower scalar prediction error alone does not
establish that a value model produces useful policy-
improvement signals.

3.7 Advantage estimation
The value estimates are used to calculate a local advantage
score for each training frame. For a state ot, we use an
n-step estimate:

At =

n−1∑︂
i=0

γirt+i + γ
nVφ(ot+n, c) − Vφ(ot, c), (11)

where rt is the task-progress reward, γ is the discount
factor, and n is the temporal estimation horizon. The
current implementation uses n = 50. The corresponding
physical time horizon is n∆t, where ∆t is the control
interval and is reported in the experimental configuration.
The reward definition and discount factor are fixed before
evaluation and are not tuned on the evaluation set. If
an undiscounted estimate is used, γ is set to 1 and this
setting is reported explicitly.
Advantage scores are computed only on training data.
For each task, positive ACP samples are selected using a
predefined upper-quantile threshold. The current thresh-
old is the top 30% of advantage scores, while threshold
sensitivity is evaluated using additional settings in the
ablation study.
To avoid incorrectly discarding useful recovery behavior,
frames inside manually annotated intervention segments
may be assigned a positive recovery label when the
corresponding annotation flag is set:

ℓACP
t =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
1, if At exceeds the task-specific threshold,
1, if t belongs to an annotated recovery segment,
0, otherwise.

(12)
The intervention annotation is used only for training-
label construction. It is not available as ground-truth
information during autonomous evaluation. The revised
experiments also include an ablation without forced
positive intervention labels to measure their independent
effect.

3.8 Advantage-conditioned policy
The ACP label is injected into the language condition
of SmolVLA. For a task description c, the two training
conditions are

c+t = c ∥ Advantage: positive, (13)

c−t = c ∥ Advantage: negative, (14)

where ∥ denotes text concatenation.
The ACP label is used as an auxiliary condition for
behavior cloning or flow-matching training. The policy is
not optimized using a direct high-variance reinforcement-
learning gradient. During training, ACP-label dropout is
applied with a predefined probability so that the policy
does not depend exclusively on the explicit label.
The dropout probability is fixed before evaluation and
is reported in the hyperparameter table. Its effect is
evaluated through a dedicated ablation that compares the
default dropout setting with no dropout and alternative
probabilities.
At deployment time, the evaluation protocol specifies
whether the ACP condition is generated by the value
model, replaced by a neutral condition, or omitted. Hu-
man intervention annotations are never supplied to the
policy during autonomous evaluation. This distinction
is necessary to prevent intervention information from
leaking into the test-time policy input.

3.9 Data-controlled policy retraining
The training data are divided into four episode-level
subsets:
• Ddemo: successful human teleoperation demonstra-

tions;
• Drollout: closed-loop robot executions containing distribution-

shift and failure states;
• Drecovery: human intervention and recovery trajectories

collected after execution drift or failure;
• Deval: independent real-robot evaluation episodes.
The split is performed at the episode level. Frames from
the same episode are not distributed across training and
evaluation subsets. The evaluation set is not used to train
the policy, value model, ACP threshold, or normalization
parameters.
To separate data expansion from value guidance, the
retraining variants are defined as follows:
1. SmolVLA-BC: trained onDdemo without ACP;
2. SmolVLA-Recovery: trained on Ddemo ∪ Drecovery

without ACP;
3. Data-Expanded BC: trained on Ddemo ∪ Drollout ∪

Drecovery without ACP;
4. SmolVLA+ValueLite: trained on the same data pool

as Data-Expanded BC with ValueLite-generated ACP
labels;

5. SmolVLA+ValueVision: trained on the same data
pool as Data-Expanded BC with ValueVision-generated
ACP labels.

The Data-Expanded BC group is necessary because com-
paring a recovery-only model directly with a value-
guided model would confound the value signal with
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the additional Rollout-D data. The comparison between
SmolVLA-Recovery and Data-Expanded BC measures
the effect of adding rollout data. The comparison be-
tween Data-Expanded BC and the value-guided variants
measures the incremental effect of ACP and value-based
selection under a shared data pool.
Additional ablations use random ACP labels, Oracle
ACP labels, filtering-only, prompt-only, alternative ACP
thresholds, and alternative dropout probabilities. The
positive ratio of random labels is matched to the learned
ACP labels so that the comparison is not determined by
label frequency alone.
All variants use the same SmolVLA backbone, action
representation, observation interface, task descriptions,
optimizer family, evaluation initialization distribution,
and episode-level split. Model-specific parameter counts,
trainable parameters, and computational costs are re-
ported separately.

3.10 Training and inference protocol
The policy, value-model, and evaluation protocols are
fixed before the final evaluation. The revised manuscript
reports the following implementation details:
• policy architecture and parameter count;
• number of trainable and frozen parameters;
• action representation and normalization;
• action horizon and control frequency;
• optimizer, learning rate, scheduler, batch size, and

number of epochs;
• image preprocessing and camera synchronization;
• value-backbone versions and trainability;
• value-bin range and target normalization;
• failure-penalty coefficient and reward definition;
• n-step horizon and discount factor;
• ACP threshold and label-dropout probability;
• inference latency, throughput, and peak memory us-

age.
The evaluation protocol distinguishes autonomous ex-
ecution from human-assisted execution. An episode is
counted as a policy-only success only when the task is
completed without human takeover. An assisted success
is counted when completion occurs after an interven-
tion. An intervention rate is computed as the fraction of
episodes containing at least one human takeover. Recov-
ery success is computed over intervention episodes and
measures whether the policy can return to a successful
task trajectory after correction.

4. EXPERIMENTS
4.1 Experimental setup and scope
All physical experiments use a LeRobot SO-101 follower
arm controlled through the Evo-RL software stack. A
second SO-101 arm is used as the leader device for teleop-
eration. The action vector contains five joint commands
and one gripper command. A front RGB camera observes
the global workspace, whereas a wrist RGB camera ob-

serves the gripper–object contact region. Both streams
are recorded at 640 × 480 pixels and 30 Hz. Each policy
receives the same two camera streams, six-dimensional
robot state, language instruction, and six-dimensional ac-
tion interface. Model-specific image resizing and normal-
ization follow the corresponding training configuration.
The quantitative evaluation is restricted to block manipu-
lation with the SO-101 embodiment. The reported tasks
assess target-block grasping and placement under fixed
workspace geometry. A manipulation episode comprises
approach, grasp alignment, grasp closure, transport, and
release. Errors in an early phase can therefore alter the
state distribution encountered in later phases. The con-
clusions are limited to this controlled platform and do
not imply generalization to other robot embodiments,
object categories, or unstructured environments.

Figure 2 – The real-world robotic evaluation platform and workspace
layout. The system relies on a bilateral teleoperation setup consisting
of a master leader ARM and a slave follower ARM, overseen by an
environment camera, a hand-eye Camera, and a unified host computer
processing loop.

4.2 Data composition and controlled compar-
isons

We distinguish four episode-level data roles. Demo-D con-
tains successful human demonstrations, Rollout-D con-
tains autonomous closed-loop executions, Recovery-D
contains human corrective actions after policy drift, and
Eval-D contains held-out physical evaluations. Frames
from one episode must remain in one partition, and
Eval-Dmust not be used to train policies or value mod-
els, select ACP thresholds, or compute normalization
statistics. The checkpoint archive used by the reported
local training runs references, which contains 101 human-
collected successful episodes and 58 971 frames. The
archived metadata does not identify separate Rollout-D
and Recovery-D episode manifests. Consequently, the
additional-data effect cannot be isolated from the current
checkpoints alone. We therefore define Data-Expanded
BC as a required control rather than assigning it an in-
ferred result. For the controlled experiment, all SmolVLA
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Table 2 – Method configurations, training data pools, and experimental roles in the evaluation pipeline.

Method Policy Value Data Pool ACP Role

Policy architecture baselines

ACT-BC ACT None Demo-D None Policy architecture baseline
Diffusion-BC Diffusion Policy None Demo-D None Policy architecture baseline
SmolVLA-BC SmolVLA None Demo-D None VLA policy baseline

Recovery and data-expansion controls

SmolVLA-Recovery SmolVLA None Demo-D + Recovery-D None Recovery-data control
baseline

SmolVLA-Expanded BC SmolVLA None Demo-D + Rollout-D +
Recovery-D

Disabled Data expansion without
value guidance

Value-guided policy variants

SmolVLA+ValueLite SmolVLA ValueLite Demo-D + Rollout-D +
Recovery-D

Learned Value-guided policy variant

SmolVLA+ValueVision SmolVLA ValueVision Demo-D + Rollout-D +
Recovery-D

Learned Value-guided policy variant

variants must start from the same initialization and use
the same optimizer, number of updates, batch size, aug-
mentation, and supervised frame set. Data-Expanded
BC uses

DDE = Ddemo ∪Drollout ∪Drecovery (15)

without value prediction, value-based filtering, advan-
tage labels, or ACP conditioning. Every action-bearing
frame is retained, including autonomous rollout actions,
so that comparisons with filtering-only and ACP variants
can separate sample selection from conditioning. The
provenance of each episode and whether its action is
autonomous or human-provided must be stored in the
released manifest. The compared methods and their
data-control conditions are summarized in Table 2. Un-
der this design, SmolVLA-Recovery minus SmolVLA-BC
measures the effect of adding recovery supervision; Data-
Expanded BC minus SmolVLA-Recovery measures the
additional effect of rollout data; and a value-guided vari-
ant minus Data-Expanded BC measures the incremental
contribution of the value interface under a shared data
pool. The last attribution is not made until the Data-
Expanded BC row has been evaluated.

4.3 Outcome definitions
Success is determined from the final physical task state
rather than from a value-model prediction. Let yi = 1
when episode i completes the specified grasp or place-
ment criterion within the fixed horizon, and let yi = 0
otherwise. The binary outcome variable yi is determined
by the physical task-completion criterion. In the imple-
mentation, this annotation is stored in the dataset field;
this implementation field is not provided as an input to
the deployed policy or the learned value model. The
final version must report the physical criterion, the anno-
tation procedure, and the common horizon in steps and
seconds.

Let N be the number of evaluation episodes, Nauto the
number completed without takeover, Nassist the number
completed after at least one takeover, and Nint the number
containing at least one takeover. These outcome sets are
mutually exclusive, and Nsucc = Nauto +Nassist. We report

SuccessRate =
Nsucc

N
, PolicyOnly =

Nauto

N
,

(16)

AssistedSuccess =
Nassist

N
, InterventionRate =

Nint

N
.

(17)

If Nrecovered intervention episodes subsequently satisfy
the task-success criterion, recovery success is

RecoverySuccess =
Nrecovered

Nint
. (18)

Thus, the intervention rate uses all evaluation episodes as
its denominator, whereas the recovery success uses only
intervention episodes. If intervention is disabled for a
method, intervention-dependent metrics are reported as
not applicable, not as zero. The overall success rate from
an intervention-enabled protocol is not interpreted as
autonomous policy success. Completion time is averaged
over successful episodes. Autonomous and assisted
completion times should be reported separately when
both are available. For a normalized action vector ãt ∈

[0, 1]6, action delta is the mean absolute step-to-step
change,

∆a =
1

6(T − 1)

T∑︂
t=2

∥ãt − ãt−1∥1 . (19)

This metric describes command smoothness and is not a
substitute for task success.

© International Telecommunication Union, 2026486



4.4 Statistical protocol
Binary outcomes are reported as raw counts and Wilson
95% confidence intervals. The current aggregate results
contain 50 physical evaluation episodes per method but
one training run per checkpoint. They therefore character-
ize evaluation variation, not training-seed variation. The
aggregate counts permit an unpaired two-sided Fisher
exact test. A paired McNemar test should replace it if the
same initial configurations were used episode by episode
and the paired outcomes are retained. The confidence
intervals and exploratory pairwise tests are reported in
Table 3.
Table 3 – Uncertainty and exploratory pairwise tests for the reported
success counts.

Method Success count Success rate Wilson 95% CI

SmolVLA-BC 43/50 86.0% [73.8%, 93.0%]
SmolVLA-Recovery 45/50 90.0% [78.6%, 95.7%]
SmolVLA+ValueLite 47/50 94.0% [83.8%, 97.9%]
SmolVLA+ValueVision 48/50 96.0% [86.5%, 98.9%]

Pairwise comparison Absolute difference Fisher p (two-sided)

BC vs. Recovery +4 pp 0.760
BC vs. ValueLite +8 pp 0.318
BC vs. ValueVision +10 pp 0.160
Recovery vs. ValueLite +4 pp 0.715
Recovery vs. ValueVision +6 pp 0.436
ValueLite vs. ValueVision +2 pp 1.000

Among the SmolVLA recovery and value-guided vari-
ants, none of the reported pairwise success-rate dif-
ferences reaches p < 0.05 under the unpaired analy-
sis. Among the SmolVLA recovery and value-guided
variants, none of the reported pairwise success-rate dif-
ferences reaches p < 0.05 under the conservative un-
paired analysis. Results are therefore described using
raw counts, uncertainty intervals, effect directions, and
the corresponding test rather than point estimates alone.

4.5 Policy architecture comparison
ACT-BC, Diffusion-BC, and SmolVLA-BC are compared
under the demonstration-only condition. The compari-
son uses the same observation and action interface but is
not parameter matched. Model size and training config-
uration are therefore reported alongside task outcomes.
The phase-level policy results are shown in Table 4.
SmolVLA-BC obtains the highest phase-level success
rates in the reported SO-101 evaluation. Its macro action
delta is 0.055, compared with 0.069 for ACT-BC and 0.088
for Diffusion-BC. This result indicates smoother normal-
ized commands in this setting, but it does not establish
that SmolVLA is universally preferable across embod-
iments or task distributions. Because the table reports
grasp and place phases, it should not be interpreted as
an independent test of cross-task or cross-embodiment
generalization.

Table 4 – Phase-level policy comparison on the SO-101 block-
manipulation setup.

Phase Method Success ↑ Time (s) ↓ Action Delta ↓

Grasp
ACT-BC 76.0% 25.4 0.067
Diffusion-BC 40.0% 47.3 0.084
SmolVLA-BC 88.0% 16.8 0.052

Place
ACT-BC 72.0% 4.6 0.071
Diffusion-BC 24.0% 12.5 0.092
SmolVLA-BC 84.0% 6.2 0.057

Macro average
ACT-BC 74.0% 15.0 0.069
Diffusion-BC 32.0% 29.9 0.088
SmolVLA-BC 86.0% 11.5 0.055

4.6 Value architecture comparison
ValueLite and ValueVision use the same 201-bin target
range and ACP positive ratio. Value MAE measures
absolute target error. The success–failure gap is the differ-
ence between mean predictions on successful and failed
states. Early failure AUC measures ranking performance
inside the fixed pre-failure window. Lead time measures
the interval between the first threshold crossing and
the annotated failure or takeover. ACP precision is the
fraction of positive ACP labels aligned with indepen-
dently annotated progress or recovery segments. The
pre-failure window, threshold, and annotation protocol
must be fixed before evaluation and reported with the re-
leased metric code.The value-model results are reported
in Table 5.
Table 5 – Value-model prediction, separation, early-warning, and ACP-
label metrics.

Model MAE↓ S–F↑ AUC↑ Lead↑ ACP P↑ Params

ValueLite 0.138 0.421 0.812 2.1 78.0% 11.462M
ValueVision 0.096 0.537 0.884 3.4 86.0% 1185.766M

ValueVision has lower MAE and higher separation, early-
warning, and ACP precision point estimates than Val-
ueLite. The comparison is not parameter-matched: Value-
Vision contains approximately 1.186B parameters, whereas
ValueLite contains 11.462M. The predictive results must
therefore be interpreted jointly with trainable parameter
count and deployment cost.

4.7 Recovery outcomes and value-guided re-
training

The intervention-enabled variants have higher total com-
pletion point estimates than SmolVLA-BC, but their au-
tonomous outcomes are lower: SmolVLA-BC completes
43/50 episodes without assistance, compared with 40/50
for ValueLite and 41/50 for ValueVision. The 47/50 and
48/50 totals for the value-guided variants therefore re-
flect assisted recovery as well as autonomous execution.
Relative to SmolVLA-Recovery, ValueLite and ValueVi-
sion show lower intervention-rate and higher recovery-
success point estimates, but the confidence intervals are
wide and the aggregate Fisher tests do not establish
statistical significance.The autonomous and intervention-
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Table 6 – Autonomous and intervention-assisted outcomes on the real-robot evaluation set.

Method N Success Policy-only Assisted Intervention Recovery Time (s)

SmolVLA-BC 50 43/50 (86.0%) 43/50 (86.0%) N/A† N/A† N/A 11.5
SmolVLA-Recovery 50 45/50 (90.0%) 39/50 (78.0%) 6/50 (12.0%) 11/50 (22.0%) 6/11 (54.5%) 13.8

SmolVLA+ValueLite 50 47/50 (94.0%) 40/50 (80.0%) 7/50 (14.0%) 9/50 (18.0%) 7/9 (77.8%) 13.0
SmolVLA+ValueVision 50 48/50 (96.0%) 41/50 (82.0%) 7/50 (14.0%) 8/50 (16.0%) 7/8 (87.5%) 12.6

The Data-Expanded BC checkpoint and its 50-episode 
evaluation were not found in the experiment archive. Its 
result is consequently reported as not evaluated rather 
than estimated from neighboring methods. Until this con-
trol is run, the current results cannot determine whether 
the observed recovery outcomes arise from value-derived 
ACP labels, additional data, or their interaction.

4.8 Model scale, training configuration, and
deployment cost

Table 8 – Model scale and recorded training configuration.

Model Total Trainable Checkpoint Batch Steps

ACT-BC 51.669M 51.669M 197.1 MiB 8 100k
Diffusion-BC 266.623M 266.623M 1017.1 MiB 8 100k
SmolVLA 450.046M 99.882M 1142.2 MiB 16 50k
ValueLite 11.462M 0.276M 43.7 MiB 64 200k
ValueVision 1185.766M 0.683M ≈2.22 GiB 8 20k

Parameter counts are computed from the checkpoints
used by the reported runs. The models were trained on
different GPUs, so wall-clock time and throughput are not
compared. Batch-one inference latency and peak runtime
memory were not recorded under a common benchmark
and are therefore marked as not measured. Parameter
count and checkpoint size are reported without using
them as substitutes for latency. The model-scale com-
parison is presented in Table 8, and the checkpoint-level
training hyperparameters are listed in Table 7.

4.9 Relation to recent VLA architectures
The scope of the local comparison relative to recent VLA
families is summarized in Table 9.

The π0 family is included as an architectural reference
because it is a recent flow-matching VLA family. It is
not inserted into the local numerical ranking because
the reported study does not contain a compatible SO-101
checkpoint trained and evaluated under the same camera,
action, and episode protocol. This exclusion criterion
applies equally to other external foundation policies and
prevents cross-embodiment pretraining differences from
being attributed to the proposed value interface.

4.10 Failure analysis and empirical limits
Observed failures are grouped into approach misalign-
ment, pushing before grasp closure, object slippage, wrist-
camera occlusion, placement outside the target region, ac-
tion stagnation, and unsuccessful recovery after takeover.
Qualitative timelines should align the physical event, pre-
dicted value, ACP label, and intervention frame. Such
examples illustrate failure precursors but do not replace
aggregate evaluation.
The current evidence is limited by a single robot embod-
iment, a narrow block-manipulation task distribution,
one training run per checkpoint, and the absence of a
completed Data-Expanded BC control. The reported
results support a comparison of policy behavior, value
prediction, and assisted recovery in this setting. They
do not yet establish an autonomous policy improvement
caused specifically by value guidance.

5. CONCLUSION, LIMITATIONS AND FU-
TURE WORK

5.1 Conclusion
This paper studies the interaction between policy ar-
chitectures, auxiliary value models, and value-guided
policy retraining for language-conditioned robot manip-
ulation on a physical SO-101 platform. The experimental

Table 7 – Checkpoint-level optimization and architecture hyperparameters.

Model Learning rate Weight decay Precision Main configuration

ACT-BC 1 × 10−5 1 × 10−4 FP32 ResNet18; chunk 100; 4 encoder and 1 decoder layers; KL weight 10
Diffusion-BC 1 × 10−4 1 × 10−6 FP32 Horizon 16; 8 executed actions; 100 train diffusion steps; 3 evaluation

de-noising steps
SmolVLA 1 × 10−4 1 × 10−10 FP32 Chunk 50; 10 flow steps; frozen vision encoder; expert-only training;

warm-up 1000
ValueLite 1 × 10−4 1 × 10−4 FP32 Frozen ResNet18; 2242 input; hidden 256; 201 bins; dropout 0.1
ValueVision 5 × 10−5 1 × 10−4 BF16 Frozen DINOv2-large and SigLIP-SO400M; 3842 input; hidden 512; 201

bins
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Table 9 – Scope of the local comparison relative to recent robot-policy families.

Family Action generation Training regime Role in this study

ACT Transformer action chunks Task-specific imitation Local policy baseline
Diffusion Policy Conditional diffusion Task-specific imitation Local policy baseline
SmolVLA VLM-conditioned flow matching Task-specific fine-tuning Local VLA policy and ACP recipient
OpenVLA Autoregressive action tokens Large-scale pretrained VLA External foundation-policy reference
π0 family Flow-matching action expert Cross-embodiment pretraining Recent external VLA reference

design separates policy capability, value-based state as-
sessment, and the transfer of value information through
Advantage-Conditioned Policy (ACP) signals.
Under the demonstration-only protocol, ACT-BC, Diffusion-
BC, and SmolVLA-BC exhibit different closed-loop behav-
iors. Among the evaluated checkpoints, SmolVLA-BC
obtains the highest phase-level success rate and the low-
est macro-averaged action delta in the tested grasping
and placement scenarios. These results characterize the
evaluated architectures under the local SO-101 protocol
and should not be interpreted as a universal ranking
across robot embodiments or task distributions.
The value-model comparison shows that ValueVision
achieves a lower value MAE, larger success–failure gap,
higher early failure AUC, longer lead time, and higher
ACP precision than ValueLite in the reported evaluation.
This result indicates that the dual visual representation
used by ValueVision provides more discriminative state
assessment for the tested block-manipulation scenarios.
However, the comparison is not parameter matched.
ValueVision contains approximately 1.186 billion param-
eters, whereas ValueLite contains approximately 11.462
million parameters. The predictive results should there-
fore be considered together with model scale, trainable
parameters, and computational cost.
The intervention-enabled experiments show higher total
completion rates for the value-guided variants than for
SmolVLA-Recovery: 47/50 episodes are completed with
ValueLite and 48/50 with ValueVision, compared with
45/50 for SmolVLA-Recovery. Their intervention-rate
point estimates are 18.0%, 16.0%, and 22.0%, respectively,
while the corresponding recovery-success rates are 77.8%,
87.5%, and 54.5%. These results suggest an association be-
tween value-derived ACP signals and improved assisted
recovery in the tested setting.
The autonomous results require a separate interpretation.
SmolVLA-BC completes 43/50 episodes without inter-
vention, whereas ValueLite and ValueVision complete
40/50 and 41/50 episodes, respectively. Thus, the higher
overall success rates of the value-guided variants include
human-assisted episodes and do not demonstrate an
improvement in policy-only success. Moreover, the con-
fidence intervals are wide, and the reported unpaired
Fisher tests do not establish statistically significant differ-
ences among the SmolVLA recovery and value-guided
variants. The results should therefore be understood as
evidence of value-associated recovery behavior rather
than as conclusive evidence of autonomous policy im-

A complete causal attribution also requires the Data-
Expanded BC control, which must use the same Demo-D, 
Rollout-D, and Recovery-D pool while removing value 
prediction, value-based filtering, advantage labels, and 
ACP conditioning. Since this control was not available 
in the archived experiments, the present results cannot 
fully separate the effect of value-derived signals from 
the effect of additional rollout and recovery data. The 
main outcome of this study is consequently a clearly 
defined policy–value evaluation protocol and an initial 
real-robot analysis of policy behavior, value prediction, 
and intervention-assisted recovery.

5.2 Limitations
The conclusions are subject to several limitations.
First, the physical evaluation is restricted to SO-101 block 
manipulation. The reported policy results focus on grasp-
ing and placement phases and do not provide broad 
evidence across diverse objects, workspace layouts, robot 
embodiments, or semantically complex instructions. The 
results should therefore be viewed as a controlled real-
robot case study.
Second, the archived experiment data do not contain a 
separately versioned Data-Expanded BC checkpoint or 
its corresponding 50-episode physical evaluation. The 
effect of adding Rollout-D therefore cannot currently be 
isolated from the effect of value-derived ACP supervision. 
The existing comparison with SmolVLA-BC is insufficient 
to attribute the observed difference exclusively to value 
guidance.
Third, the reported ACP experiments do not yet isolate 
all individual mechanisms. Random-ACP, filtering-only, 
prompt-only, positive-ratio sensitivity, and indicator-
dropout sensitivity require dedicated experiments under 
the same data pool, initialization, optimization budget, 
and evaluation episodes. Without these controls, the 
separate effects of sample filtering, prompt conditioning, 
and label quality remain unresolved.
Fourth, each reported method is represented by one train-
ing checkpoint. The confidence intervals quantify varia-
tion over physical evaluation episodes but not variation 
over training seeds. Multiple training seeds, repeated 
physical trials, and matched initial configurations are 
required for a stronger estimate of training and execution 
variability. Paired statistical tests additionally require 
episode-level outcomes from matched initial states.
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Fifth, intervention conditions are not identical across all 
baselines. Human intervention is disabled for SmolVLA-
BC but enabled for SmolVLA-Recovery and the value-
guided variants. Accordingly, the intervention rate is 
defined over all evaluation episodes, whereas recovery 
success is defined only over intervention e pisodes. Total 
success rates under these protocols must not be inter-
preted as directly comparable autonomous success rates.
Finally, ValueLite and ValueVision operate at substan-
tially different model scales and computational costs. A 
common batch-one benchmark for preprocessing time, 
forward-pass latency, peak memory, and power consump-
tion remains necessary. Recent VLA families, including 
π0, are discussed as external architectural references but 
are not included in the local numerical ranking because 
compatible checkpoints were not evaluated under the 
same SO-101 protocol.

5.3 Future work
Future work will first complete the data-controlled com-
parison by training and evaluating Data-Expanded BC on 
the full Demo-D + Rollout-D + Recovery-D pool with-
out value-derived signals. The released episode manifest 
will record data provenance, action source, intervention 
status, and task identity. This experiment will provide 
the baseline required to estimate the incremental contri-
bution of ACP.
We will then complete the ACP mechanism ablations, 
including Random-ACP, filtering-only, prompt-only, and 
the combined value-guided method. The ACP positive ra-
tio, intervention-frame treatment, and indicator-dropout 
probability will be varied while keeping the data pool, 
initialization, training budget, and evaluation episodes 
fixed.
Additional training seeds and repeated physical evalu-
ations will be used together with confidence intervals, 
appropriate paired or unpaired tests, and effect-size re-
porting. The task suite will also be expanded to include 
different object shapes and colors, target locations, oc-
clusion conditions, tray layouts, and multi-stage sorting 
instructions.
Finally, deployment efficiency will be improved through 
value-model distillation, feature caching, quantization 
of frozen visual encoders, and asynchronous value in-
ference. We will also investigate label-free online moni-
toring, in which value estimates trigger early warnings, 
replanning, or human assistance without exposing ACP 
indicators during execution. These experiments will 
clarify when value models provide information beyond 
additional data and whether the policy–value interface 
transfers across tasks, seeds, and hardware configura-
tions.

for providing the foundational software infrastructure
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for their insightful discussions and invaluable techni-
cal assistance during the physical robotic deployment
and multi-camera calibration phases. This work was
supported in part by the National Natural Science Foun-
dation or relevant academic research grants.
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