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VLAs still have limited success rates and 
diverse failure modes. 

“Take toast out of toaster” “Replace the paper towel” SOTA VLAs achieve <80% average 
task progress. 

We need a failure detector for safe and reliable 
deployment of VLA models. 



Task 1 Collect rollouts Train a failure 
detector

Detect failure for 
task 1

Task 2 Collect rollouts Train a failure 
detector

Detect failure for 
task 2

Task 3 Collect rollouts Train a failure 
detector

Detect failure for 
task 3

Task 4 Collect rollouts Train a failure 
detector

Detect failure for 
task 4

Existing Task-specific Failure Detection Multitask Failure Detection

Seen Task 1 Collect rollouts Detect failure for 
task 1

Seen Task 2 Collect rollouts Detect failure for 
task 2

Unseen Task 3 Detect failure for 
task 3

Unseen Task 4 Detect failure for 
task 4

SAFE: A 
Multi-task 

Failure 
Detector 
for VLA 
Models

× No cross-task generalization
× Labor-intensive
× Only for task-specific policies

✓ Work for unseen task zero-shot
✓ Avoid data collection and re-training
✓ For generalist policies like VLAs 3

Generalist VLAs need multitask failure detectors



Key insight: VLA captures high-level knowledge 
about task failure in its feature space

𝑡 = 0 𝑡 = 𝑇

Failed Rollouts

Successful Rollouts

t-SNE of policy latent features, colored by task ID t-SNE of policy latent features, colored by task failures

• VLAs may have high-level semantic knowledge in its feature space. 

Different tasks
Same “failure zone”



How Features Evolve in the Feature Space?

VLA Embeddings in this rollout 
are  visualized as popping stars. 

Successful rollouts: Embeddings always 
stay out of the red “failure zone”. 

Failed rollouts:  Robot drops the pot by accident. 
Embeddings go into the “failure zone”. 
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1. Extract latent features 
from VLA models

2. Learning the failure score 
predictor, SAFE

3. Calibrate failure detection 
threshold and deploy

Time 𝑡

Failure 
score 𝑠𝑡

Prediction from 
calibration rollouts 

Detect failures on test rollouts

Functional 
conformal 
prediction

Failure detection 
threshold
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Multi-task Failure Detector based on VLA 
Internal Features



Simulation Experiment Setup
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LIBERO-10
SimplerEnv



Real-world Experiment Setup
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𝝅𝟎-FAST on Franka 

OpenVLA on WidowX



SAFE outperforms diverse baselines in both 
simulation and real world
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Failure detection ROC-AUC on 
simulation benchmarks

Failure detection ROC-AUC on 
real-world benchmarks



SAFE Detecting Failure in Simulation 

• SAFE-LSTM on OpenVLA + LIBERO

Successful rollout Failed rollout: When the robot gets stuck while picking 
up alphabet soup, it raises a failure signal



Thank you!
Paper & code: vla-safe.github.io
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