Perturbation-Based Uncertainty for Failure
Detection in Vision-Language-Action Models

Yousung Lee

Dongsoo Har

Korea Advanced Institute of Science and Technology (KAIST)

Abstract—Vision-Language-Action (VLA) models have shown
strong performance in robotic manipulation, but reliable un-
certainty quantification remains challenging, particularly under
distribution shift. Unlike autoregressive policies, many modern
VLA models generate continuous actions through regression
or flow-based generation, where explicit predictive probabilities
are unavailable. Moreover, existing approaches often rely on
stochastic action sampling or supervised failure labels, limiting
their applicability across diverse pretrained VLA models. In this
work, we propose a label-free and model-agnostic framework for
inference-time uncertainty estimation through hidden activation
perturbations, motivated by Bayesian perspectives on local model
variations. Specifically, we inject Gaussian perturbations into
transformer hidden activations and estimate epistemic signals
from disagreement across perturbed action predictions. Experi-
ments on LIBERO and LIBERO-PRO show that perturbation-
based uncertainty consistently improves failure detection under
distribution shift compared to sampling-based uncertainty, pro-
viding a practical uncertainty signal for VLA models.

I. INTRODUCTION

Vision-Language-Action (VLA) models have recently
demonstrated strong generalization capabilities across robotic
manipulation tasks by mapping visual observations and lan-
guage instructions to continuous control actions [[13} [14} 2].
However, reliable deployment of VLA systems remains chal-
lenging, since even small action errors can lead to catas-
trophic physical failures in real-world environments. Recent
studies have shown that VLA models can exhibit overconfident
failures under distribution shift, sometimes ignoring language
instructions and relying on memorized or shortcut-like ma-
nipulation patterns [25, 23]. Such failures are particularly
problematic because the model may continue executing incor-
rect actions despite violating the language instruction, while
exhibiting low uncertainty under stochastic action sampling.

Reliable uncertainty estimation is therefore critical for safe
deployment and failure detection in VLA systems. In Bayesian
learning, predictive uncertainty is commonly decomposed into
aleatoric uncertainty and epistemic uncertainty. Aleatoric un-
certainty captures inherent stochasticity in observations or ac-
tion generation and is generally irreducible, whereas epistemic
uncertainty arises from limited model knowledge and can in
principle be reduced with additional data or improved coverage
of the environment [7) |8, |18, 22]]. In safety-critical robotic
systems, epistemic uncertainty is particularly important under
distribution shift, where policies may encounter unfamiliar or
ambiguous situations.

However, uncertainty estimation in VLA models is funda-
mentally challenging. Unlike autoregressive token-based VLA
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Fig. 1: Overview of perturbation-based uncertainty estimation
for VLA failure detection. Hidden activation perturbations
induce multiple action predictions, and disagreement across
these predictions is used for failure detection.
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models [3} [13], many recent VLA models generate actions
through regression or flow-based generation [14} [2], where
explicit predictive probabilities are unavailable. As a result,
uncertainty estimation methods developed for autoregressive
language models are not directly applicable to VLA models.

Recent approaches often estimate uncertainty through
stochastic sampling under a fixed pretrained model [21]. In
generative models such as 7y 5 [2], multiple trajectories can
be generated from the same observation to estimate uncer-
tainty. However, such approaches primarily capture stochastic
variability within a single model, which is more closely
related to aleatoric uncertainty and may not fully capture
epistemic uncertainty arising from insufficient model knowl-
edge [11 [19]. Consequently, epistemic uncertainty estimation
in pretrained VLA systems remains relatively underexplored.
Furthermore, existing VLA failure detection methods often
rely on supervised failure labels or trajectory-level supervi-
sion, architecture-specific stochastic generation mechanisms,
or access to output token probabilities and perplexity esti-
mates [9, 16} 121} [10]], limiting their practicality and applicability
across diverse VLA models and deployment settings.

To address these limitations, we propose a label-free and
model-agnostic approach for inference-time epistemic uncer-
tainty estimation in pretrained VLA models through hid-
den activation perturbations. Motivated by Bayesian model
uncertainty, we interpret hidden activation perturbations as
tractable approximations of local parameter variations around
pretrained weights. As shown in Fig. [I] we inject Gaussian
noise into hidden activations of the vision or vision-language
backbone, depending on the VLA architecture, and quantify
epistemic uncertainty as action disagreement across perturba-
tions. Experiments on LIBERO [17] and LIBERO-PRO [25]]
demonstrate that the proposed perturbation-based epistemic



uncertainty effectively detects failures under distribution shift
and consistently outperforms sampling-based uncertainty for
VLA failure detection.

II. RELATED WORK
A. Epistemic Uncertainty

Bayesian approaches commonly decompose predictive un-
certainty into aleatoric and epistemic components, where epis-
temic uncertainty reflects uncertainty over model parameters
under limited data or knowledge [11} (7, [19]. Practical ap-
proximations of epistemic uncertainty include Monte Carlo
dropout, deep ensembles, and perturbation-based uncertainty
estimation methods [7, [15) 20, 22, [18| [19]. Among these,
deep ensembles provide strong approximations of posterior
predictive uncertainty but are computationally prohibitive for
large pretrained foundation models [20], while Monte Carlo
dropout is not directly applicable to many pretrained VLA
models that were not trained with dropout, as its approximate
Bayesian interpretation relies on dropout-enabled training [7].
These limitations motivate post-hoc perturbation methods,
which provide tractable approximations of local model un-
certainty without retraining or maintaining multiple pretrained
models [18, 22, [19]].

B. Uncertainty Quantification in LLM and VLM

Prior work has explored uncertainty quantification through
output variability. In large language models, one line of work
estimates predictive uncertainty by sampling multiple outputs
for a fixed input and measuring their semantic dispersion [16].
More recently, perturbation-based approaches have been stud-
ied across both language and vision-language models, where
semantic-preserving input variations (e.g., prompt rephras-
ing or visual perturbations) are used to reveal instability in
model predictions [24, 8, [12]]. In addition, recent studies
have shown that uncertainty signals can be used to detect
unreliable generations, such as hallucinations, via semantic en-
tropy or representation-level dispersion [5) 4]]. However, these
approaches have primarily focused on discrete text generation,
and their applicability to VLA models with continuous action
outputs remains largely underexplored.

C. Failure Detection in Vision-Language-Action Models

In VLA models, reliable execution requires detecting
failure-relevant signals during policy execution. Prior ap-
proaches such as SAFE [9] and recent VLA calibration
methods [6] rely on labeled success and failure trajectories.
However, such labeled failure trajectories are difficult and
often unsafe to collect, and are typically unavailable at deploy-
ment time. Recent work has explored failure detection through
action uncertainty, temporal consistency, and representation-
level signals. For example, Sentinel [I] monitors generative
robot policies by combining temporal action consistency with
VLM-based task progress assessment. FIPER [21] estimates
uncertainty from stochastic action samples in generative poli-
cies. Other approaches leverage token-level entropy or per-
plexity from autoregressive action distributions [10]. In con-
trast, we propose label-free uncertainty estimation for VLAs

through hidden activation perturbations in vision-language
representations, without requiring failure labels, output token
probabilities, or stochastic action sampling. To our knowledge,
this is the first approach to use hidden activation perturbations
as an uncertainty signal for failure detection in VLA models.

III. METHODOLOGY
A. Vision-Language-Action Policy
We consider a Vision-Language-Action policy mg param-
eterized by 6. Given observation x; = (v, £) consisting of

visual observation v; and language instruction ¢, the policy
predicts a chunk of future continuous actions:

agt+H—-1 = W@(l’t), (D

where H denotes the action chunk horizon, d denotes the
action dimension, and a; € R? denotes a continuous robot
action at timestep t.

B. Uncertainty Decomposition

From a Bayesian perspective, model parameters 6 ~ p(6|D)
are treated as random variables conditioned on training data D.
Predictive uncertainty can then be decomposed into aleatoric
uncertainty and epistemic uncertainty under the posterior dis-
tribution over model parameters [11 [7]:

Var(alzy, D) = Eg[Var(a|zy, 0)] + Varg[E(a|z, )] . (2)

Aleatoric Epistemic

The epistemic term reflects uncertainty over plausible model
parameters under the posterior distribution. However, exact
posterior sampling over model parameters remains computa-
tionally intractable for large-scale pretrained foundation mod-
els [20, 18} 22| [19]. Therefore, we focus on inference-time
approximations of local model variations without retraining
the pretrained VLA model.

C. Perturbation-Based Epistemic Uncertainty

Following prior work on perturbation-based uncertainty
estimation [18] 22], we approximate local parameter variations
around the pretrained parameters 6* using Gaussian noise
perturbations:

o0 = g 1+ 8 B L A0, 021). 3)

Direct parameter perturbation in large-scale pretrained foun-
dation models is computationally expensive. Instead, we ap-
proximate local parameter variations through Gaussian noise
injections applied to MLP hidden activations shared across
transformer layers [18]]. Consider a linear transformation y =
Wh + b, where W, b, and h denote the weight matrix, bias
vector, and hidden activation, respectively. Applying hidden
activation perturbations yields y' = W(h+¢€) +b = Wh +
(b + We), showing that perturbing hidden activations can
induce local variations in the output representation. These
perturbations induce perturbed action chunks:

agiLHq = mom (T1). 4)



TABLE I: Failure detection AUC for 7y 5 on LIBERO-PRO. Both sampling and perturbation-based uncertainty use K = 5
samples. Perturbation-based uncertainty uses hidden activation perturbations with ¢ = 0.25. Each benchmark suite is evaluated
using 500 rollout episodes. Early AUC is computed using only the first 70% of the maximum episode length.

Environment Success (%) Sampling Perturbation
Full AUC Early AUC (70%) Full AUC  Early AUC (70%)

LIBERO-PRO Spatial-Pos 45.0 0.935 0.795 0.963 0.844
LIBERO-PRO Object-Pos 20.4 0.482 0.464 0.651 0.511
LIBERO-PRO Goal-Pos 324 0.861 0.824 0.934 0.900
LIBERO-PRO 10-Pos 10.6 0.869 0.830 0.909 0.855
LIBERO-PRO Spatial-Env 394 0.816 0.750 0.845 0.770
LIBERO-PRO Object-Env 75.4 0.750 0.685 0.788 0.725
LIBERO-PRO Goal-Env 52.8 0.736 0.681 0.865 0.828
LIBERO-PRO 10-Env 69.1 0.878 0.803 0.911 0.850

We then quantify uncertainty as disagreement across per-
turbed action chunks:
H-1 d

1 k
Uy = Ta Z ZVark {agﬁhﬂ} , (@)
h=0 i=1
where ay_?h‘i denotes the i-th action dimension of the

predicted action at future step h under perturbation sample
k. Variance is computed across perturbation samples and
averaged over chunk steps and action dimensions.

For each perturbation sample, we reuse the same Gaussian
noise tensor at every timestep throughout the rollout, rather
than resampling it independently at each timestep. This allows
each perturbation sample to induce a temporally consistent
local model variation. Intuitively, high epistemic uncertainty
can indicate that the perturbed model variants produce in-
consistent action chunks under the current observation, sug-
gesting insufficient model knowledge for the current situation.
Conversely, low uncertainty suggests that the predicted action
chunks remain stable under perturbations.

D. Temporal Aggregation for Failure Detection

To obtain a stable uncertainty estimate for the current
timestep, we aggregate recent chunk-level uncertainty scores
using a temporal sliding window [21]]:

Ut:Ti >

W or=t—T,+1

(6)

Uz,

where T, denotes the sliding window size. This temporal
aggregation captures persistent disagreement patterns rather
than transient action fluctuations during policy execution.

IV. EXPERIMENTS
A. Models and Perturbation Design

We evaluate two modern VLA policies: OpenVLA-
OFT [14] and 75 [2]. OpenVLA-OFT predicts continuous
action chunks through a deterministic regression head, whereas
mo.5 uses a flow-matching-based generative policy that sup-
ports stochastic action sampling. We perturb hidden activations
within the visual or vision-language backbone of each model.
Specifically, we inject Gaussian noise into intermediate MLP
activations of the dual vision encoder in OpenVLA-OFT and

into the vision-language backbone of 7y 5 before the action
expert module. In both models, the perturbations are applied
before the final projection layer of transformer MLP blocks.
This design captures uncertainty in the model’s understanding
of the current situation and its effect on action predictions,
separately from action-generation stochasticity.

B. Environments

Experiments are conducted on LIBERO [17] and LIBERO-
PRO [25]]. LIBERO-PRO introduces controlled distribution
shifts while preserving task semantics. We consider two shift
categories: Position shifts, which modify object placements
and relative spatial arrangements, and Environment shifts,
which alter the visual scene context (e.g., replacing kitchen-
table environments with living-room-table layouts) without
changing the task itself. These distribution shifts frequently
induce failures in pretrained VLA policies despite their strong
performance on standard LIBERO, making LIBERO-PRO a
challenging benchmark for evaluating uncertainty estimation
and failure detection under distribution shift. We therefore con-
sider evaluation under distribution shift essential for assessing
failure detection, since many recent VLA models achieve near-
perfect performance on standard LIBERO.

C. Evaluation Protocol

We evaluate perturbation-based uncertainty for trajectory-
level failure detection using ground-truth success/failure labels
only for evaluation purposes. The sampling baseline generates
multiple action chunks from different initial noise samples,
whereas our method fixes the initial sampling noise and per-
turbs only the hidden activations. We temporally aggregate per-
timestep uncertainty scores for each rollout using the sliding-
window formulation in Eq. (6) with window size T,, = 5.
Early failure detection uses only the first 70% of the maximum
episode length defined by the environment. We then compute a
trajectory-level uncertainty score as the maximum temporally
aggregated uncertainty:

)

s = max U;.
¢

A rollout is classified as a failure when s > §, where &
denotes a decision threshold. We report the area under the
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Fig. 2: Representative failure case from LIBERO-PRO Goal-
Env. The red dashed line marks the peak perturbation-based
uncertainty, corresponding to the right image. The curves show
temporally windowed uncertainty scores, min—max normalized
to [0, 1] over all evaluation episodes for visualization.

receiver operating characteristic curve (AUC), a threshold-
free metric that measures separability between successful and
failed trajectories across all thresholds. Each benchmark suite
includes 500 rollout episodes.

D. Main Results

We compare sampling-based and perturbation-based un-
certainty for trajectory-level failure detection using mg.s,
which supports stochastic action sampling. Table [l shows that
perturbation-based uncertainty consistently improves failure
detection performance under distribution shift across LIBERO-
PRO benchmarks. The largest improvement is observed on
LIBERO-PRO Object-Pos, where AUC increases from 0.482
to 0.651. Substantial gains are also observed on LIBERO-
PRO Goal-Env (0.736 — 0.865) and Goal-Pos (0.861 —
0.934). These results suggest that perturbation-induced action
disagreement captures failure-sensitive signals that are not
fully reflected by stochastic sampling within a fixed pretrained
policy. Notably, perturbation-based uncertainty also improves
early failure detection performance, indicating that informative
uncertainty signals emerge before task failure.

E. Qualitative Visualization

To better understand the performance gains observed in Ta-
ble[l} we visualize a representative failure case from LIBERO-
PRO Goal-Env. As shown in Fig. 2] the policy repeatedly
attempts to manipulate the target plate but fails to move it
to the target location. Despite this failure, sampling-based
uncertainty remains low throughout the rollout, indicating
consistent action predictions across stochastic samples. In
contrast, perturbation-based uncertainty increases during the
failure-relevant manipulation phase, reflecting increased dis-
agreement among the perturbed model variants.

FE. Effect of Perturbation Parameters

We further analyze the effect of perturbation parameters
on LIBERO-10 using my5 and OpenVLA-OFT, where both
VLA models achieve a task success rate of 94.0%. As shown
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Fig. 3: Effect of perturbation strength o on full-trajectory
failure detection AUC under hidden activation perturbations
on LIBERO-10 using perturbation samples K = 5.

TABLE 1II: Effect of the number of samples K on full-
trajectory failure detection AUC for 7y 5 on LIBERO-10.

K Sampling  Perturbation
2 0.831 0.869
3 0.808 0.875
4 0.823 0.876
5 0.817 0.871

in Fig. B| both models achieve their best failure detection
performance at moderate perturbation magnitudes, while ex-
cessively large perturbations degrade uncertainty quality. For
0.5, performance peaks at o = 0.25, whereas OpenVLA-OFT
performs best at o = 0.1. Interestingly, despite their different
policy architectures, both models exhibit a similar trend where
moderate perturbations achieve the best failure detection per-
formance, suggesting that informative epistemic signals can
be obtained from local variations that are sufficiently strong
while remaining plausible around the pretrained policy.
Table |lI] analyzes the effect of the number of samples on
failure detection performance for my 5 on LIBERO-10. While
sampling-based uncertainty does not consistently improve with
larger sample counts, perturbation-based uncertainty remains
effective even with a small number of perturbation samples.
For 7 5, using only K = 2 perturbations achieves an AUC of
0.869, which is comparable to the performance obtained with
K = 5 (0.871). This suggests that reliable uncertainty esti-
mates can be obtained with minimal additional computation.

V. CONCLUSION

In this work, we proposed a label-free, inference-time
uncertainty estimation framework for pretrained VLA mod-
els through hidden activation perturbations. Motivated by
Bayesian perspectives on local model variations, our ap-
proach captures epistemic uncertainty through disagreement
across perturbed action predictions. Experiments on LIBERO
and LIBERO-PRO showed that perturbation-based uncertainty
consistently improves failure detection under distribution shift
compared to sampling-based uncertainty. These results show
that perturbation-based uncertainty can serve as a practical sig-
nal for VLA failure detection and runtime safety monitoring.
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