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Abstract—Research on Vision Language Action (VLA) models
has been increasing rapidly in recent years. Although some
of them focus on detecting, preventing, and recovering from
task failures, they usually don’t deal with adapting to robot’s
physical failures. In real-life scenarios, most robots face physical
degradations in various ways such as joint degradation, actu-
ator failure, or weak gripper. We introduce malfunction-aware
(health-conditioned) VLA that takes a health vector as an input
that gives information about robots’ joints’ operation angle and
torque capability, and adapts its predictions to complete the tasks
with the degraded joints. To achieve this, we inject a Health Pro-
jector module to the VLA-Adapter architecture and train it on
malfunction robot data we collected on the LIBERO environment
[1]. We collect 128 teleoperated episodes on Libero-Spatial tasks.
Our results show that, with a very lightweight addition, the model
can learn to operate successfully with different configurations
of degraded joints which the default pretrained VLA-Adapter’s
Libero-Spatial-Pro model cannot. The code and dataset will be
available soon at https://github.com/h-arslan/health-aware-vla

Index Terms—vision-language-action models, robot health
monitoring, fault-tolerant manipulation, malfunction-aware con-
trol

I. INTRODUCTION

Vision-Language-Action (VLA) models have emerged as a
highly promising topic for generalist robot control, combining
Vision-Language Models (VLMs) with end-to-end action pre-
diction architectures. Studies such as mg [2], Project GROOT
[3], and VLA-Adapter [4] have demonstrated significantly
high accuracy across various simulation and real-world tasks.
They have shown the ability to operate in cross-embodiment
setups and diverse scenarios, despite some existing limitations.
Furthermore, with certain modifications, VLAs can run on
edge devices that have limited computational resources and
inference capabilities.

Along with these improvements, all the VLA approaches
assume a robot hardware or simulation that is in perfect
physical conditions. In real world, robots facing various de-
ficiencies such as sensor drift, partially failures of actuators,
lose torque of motors [5]. These kinds of situations will lead
to task failure inevitably, because models, that are trained on
healthy demonstrations of robot bodies, cannot adapt to new
conditions.

This is a fundamental gap among the VLA studies, because
unlike the classical controllers [6], VLAs predict actions from
learned representations of healthy robot embodiments. Some
studies detect and recover from task failure semantically [7]-

[9], but no mechanism exists to adapt to joint or any other
physical degradation among VLAs.

We address this gap by presenting malfunction aware VLA,
an approach that combines pretrained VLA with an explicit
health vector per joint h € [0,1]7 where .J is the number of
joints and h; represents the health status, h; = 1.0 means
full health and 0.0 indicates joint is fully locked. Proposed
Health Projector maps this health vector into the model’s latent
space in order to enable action head adapts its predictions to
physically degraded joints to complete the tasks successfully.
Our main contributions can be listed as follows:

o We integrate a health vector into a pretrained VLA
model with a small number of parameters (j1M) which re-
sult in a lightweight Health Projector improving model’s
adaptation capability to restricted joints significantly, and
formulated the malfunction aware VLA problem.

« We introduce a data collection framework that enables
teleoperating LIBERO simulation tasks with mouse and
keyboard by defining joint degradation with different
levels.

o« We present evaluation metrics that systematically
measures the capability of VLA-Adapter under con-
ditions of different joint-degradation combinations on
LIBERO Spatial tasks.

II. RELATED WORK

VLA models can be defined as an extended version of
VLMs that have ability of action predictions. RT-2 [10] is
the first well-known study that presents the ability of action
predictions with VLMs. OpenVLA [11] released a 7B sized
end-to-end model trained on OpenX Embodiment dataset [12]
that takes image and language input and predicts actions.
The modifications on the backbones of VLA models, such
as using different vision encoders and different VLM models
[13], [14], improved the performance in VLA’s comes. Further
performance improvement has been achieved with the usage
of action prediction, data curation and training strategies. In
OpenVLA [11], the model predicts actions in an autoregressive
manner. Ty [2], Project GROOT [3], and some other models use
diffusion transformers and flow matching for action prediction.

Failure Aware Vision Language Action Models. Studies
on fault tolerance [15], [16] in VLAs mainly focus on task
based semantic failures and implicit approaches that focus
on domain randomization [17]. In a recent study, it is stated



that, adaptation to cross embodiment and different physical
failures is under a scaling law [18]. Our approach brings the
idea of health projected action prediction with an explicit
health descriptor to adapt to physical degradations, without
requirement of multiple trainings of various scenarios for
scaling.

III. APPROACH
A. Problem Formulation

As we used LIBERO Spatial task suite, we consider a 7-
DOF manipulator that can fail anytime by joint degradation.
Each joint j is described by a health value h; € [0, 1], where
h; = 1 means full health and h; = 0 indicates a completely
locked joint. Intermediate values reduce both the actuator gain
and the reachable angle range of joint by the factor (1 — w),
with w = 1 — h;. The complete robot state is therefore
enhanced with a health vector h = [hg, hy, ..., hg] € [0,1].

A standard VLA policy my maps visual observations o; and
a language instruction / to a chunk of C' future actions:

ey

Since this policy is trained on episodes from a healthy robot,
it cannot adapt its action predictions for degraded joints and
mobility failures.

We propose a new policy that is health-conditioned:

app1c = Ty (Ot, l)
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where the health vector h is projected into the model’s latent
space via an MLP and fused with the action prediction head,
allowing the model to adapt its motion plan to the current joint
capabilities.

Ao = 770(0t7 [ h)

B. Architecture

We use VLA-Adapter Pro [4] as base model which pairs a
frozen Qwen2.5-0.5B language model with a fused DINOv2-
SigL.IP vision encoder and an action head trained with L1
regression. We add a lightweight module and modify the action
head’s attention to explicitly integrate health information of
robot.

Base VLA-Adapter Pro. The action head is a 24-block
residual MLP network. Each block contains an 8-head at-
tention layer that attends over three sources: (i) self tokens
(the evolving action latent), (ii) adapter tokens (learnable
action queries concatenated with proprioceptive features), and
(iii) task tokens (vision—language features from the VLM
backbone). Separate key—value projections are used per source
with rotary position embeddings (RoPE), and a learned gating
controls task attention strength. The head predicts a chunk of
C=8 future 7-DoF end-effector delta actions.

Health Projector. We proposed a two-layer MLP that maps
the 7D health vector into the backbone LLM embedding space
(R896)Z

f;, = Wy GELU(W1h + b1) + bs 3)

The final layer (W5, bo) is zero-initialized so that f, = 0 at the
start of training, pretrained action head is not be affected. The

Zero-initialized W2, b2 - f;, = 0 at init (no-op)

Frozen (~900M params) :'

1 vision Tokens

DinoSigLIP

1| Vision Encoder

Agentview Wrist Camera :
(256x256)  (256x256)

Vision

Fused Hidden
States (896D)

(896D)

Action Chunk !
(8x7D)
[dx, dy, dz, rx, 1y, !
1z, gripper] x8 1
steps H

Qwen2.5-0.5B
LLM

‘Pick up the black bowl
and place it on the plate’

» L1
Action Head — 24

MLPResNetBlock-Pro
with Bridge

Attention

Language

Proprioception + Health

Proprio State (8D)
[eef_pos(3), axisangle(3),
gripper(2)]

Proprio Projector fo
(8D — 896D)

finput

fv
(896D) | {896D)

(896D)

( & |
‘ & T 7:
I . \ ction Queries'
» LH?;STQOJES)M ,M { (57K params) | 1

Health Vector (7D)
[1.0,1.0,1.0,0.0,1.0,1.0,1.0]

Proprioception + Health

aina

1
Frozen (~900M params) |

Fig. 1. Health-conditioned VLA architecture. The Health Projector (orange)
maps the 7D health vector into the model’s latent space and adds it to the
proprioceptive features. Only the Health Projector and action queries are
trained; all other components remain frozen.

health features are added element-wise to the proprioceptive
token before it enters the attention blocks, so the adapter
tokens carry both information of proprioceptive and health
without changing the token count. This additive design means
the pretrained attention pattern is preserved at initialization:
p+0=p.

Parameter budget. The Health Projector adds 810K param-
eters and Action Queries adds 57K parameters. These sum up
to only 900K trainable parameters which is easy to finetune
with limited resources and does not increase inference budget.

C. Data Collection

As our base model VLA-Adapter has pretrained weights
on different LIBERO Benchmarks, we created a dataset on
LIBERO Spatial tasks. We created an interface to operate in
LIBERO Simulation using OSC (Open Space Control) by con-
trolling robot body with mouse and wrist, hand, gripper with
keyboard. Joint malfunctions are simulated by constraining
actuator gain and operation angle scaled by 1—w, where w = 0
is healthy and w = 1 means joint is fully locked. We evaluated
the VLA-Adapter on 6 joints with different malfunction levels;
then collected teleoperated data on conditions that VLA-
Adapter fails. Malfunction levels are: 0.3, 0.5, 0.7 and 0.9.
On each level configuration, we collected 2 episodes. To
preserve data consistency, we added episodes from VLA-
Adapter’s non-degraded runs with full healthy vector and
degraded runs where VLA-Adapter was able to succeed. Each
episode records: dual-camera RGB observations (256x256),
7D end-effector delta actions, 8D proprioceptive state (end-
effector pose + gripper), and the 7D health vector. In total,
we collected 128 malfunction episodes on different joint-
malfunction configurations, and 50 healthy episodes using
pretrained VLA-Adapter Libero Spatial Pro model.

D. Training Setup

We used a single NVIDIA L40S GPU to finetune our health
conditioned VLA architecture. As we use VLA-Adapter-Pro
as base architecture, we keep VLM backbone, vision encoder
and Bridge Attention Adapter frozen. Only Health Projector
and Action Queries are trainable which sums up to 900K



trainable params, from 57K action queries and 800K Health
Projector. We used AdamW optimizer with learning rate 2e-
4. Training completed at 15K step with batch size 8 and
gradient accumulator over 2 steps, gradient clipping at norm
1.0. Actions are normalized to [-1,1] using BOUNDS Q99
statistics and converted to the RLDS convention to match
the pretrained action head’s output space. Learning rate was
warming up linearly over with step number 500 and decays
by 10x at step 10K. Different image augmentations are used
to increase the data robustness across the tasks and objects.
L1 regression is used for 8 action chunk loss.

IV. EXPERIMENTS
A. Evaluation Protocol

For evaluation and finetuning, we only used LIBERO Spa-
tial tasks, each tasks requires picking up the black bowl from
different places and putting it on the plate. It measures the
spatial understanding of the robot. Since semantic require-
ments of the tasks is not relevant to our study, we pick the
LIBERO Spatial tasks. For baseline, we ran the pretrained
VLA-Adapter without health projector on every task x joint x
malfunction combination (7 joints x 4 weakness levels 0.3, 0.5,
0.7, 0.9), including completely healthy setup. Due to runtime
constraints, we run 4 episodes each. For our proposed health-
conditioned model, we run 10 episodes for each task x joint x
condition pair. Our primary metric is binary task success rate
similar to VLA-Adapter.

B. Baseline Vulnerability Analysis

Table I shows the pretrained VLA-Adapter LIBERO-
Spatial-Pro model evaluated on every single-joint degradation.
The baseline achieves 97.5% healthy success rate, which con-
firms strong nominal performance. However, joint degradation
exposes sharp vulnerabilities. J1 (Shoulder) drops to 45% at
w=0.3 and falls to 0% for w > 0.7; J3 (Elbow) follows a
similar pattern at 42.5% (w=0.3) to 0% (w > 0.5). These
two proximal joints bear the largest kinematic load for the
pick-and-place motion, and even slight restrictions produce
trajectories that the pretrained policy cannot compensate for.
Some other joints (J4-J6) are more resilient: J4 preserves
97.5% at all weakness levels, while J5 and J6 stay above 65%
even at w=0.9. JO (Base) and J2 (Upperarm) remain largely
unaffected (99.4% and 88.1% average). These results motivate
health-conditioned finetuning—the baseline has no mechanism
to adapt to degraded kinematics.

C. Health-Conditioned Results

Table II compares the baseline pretrained model and our
health-conditioned model across all joints and weakness levels
on all tasks. Our model achieves 99.0% healthy success rate,
similar to the baseline (97.5%), which confirms that the zero-
initialized Health Projector preserves nominal performance
when h = 1.

On the critical joints, where the baseline collapses, our
model shows considerable improvement. J1 (Shoulder) in-
creases from 45%—89% at w=0.3 and from 15%—22% at

TABLE I
VLA-ADAPTER BASELINE: SUCCESS RATE (%) UNDER JOINT
MALFUNCTIONS (NO HEALTH CONDITIONING)

Joint | w=0.3  w=0.5 w=0.7 w=0.9 | Avg.
JO (Base) 100.0 100.0 97.5 100.0 994
J1 (Shoulder) 45.0 15.0 0.0 0.0 15.0
J2 (Upperarm) 95.0 97.5 87.5 72.5 88.1
J3 (Elbow) 42.5 0.0 0.0 0.0 10.6
J4 (Forearm) 97.5 97.5 97.5 97.5 97.5
J5 (Wrist) 100.0 95.0 65.0 67.5 81.9
J6 (Hand) 100.0 97.5 90.0 72.5 90.0
Healthy baseline | 97.5
TABLE II
SUCCESS RATE (%) COMPARISON: BASELINE VS. HEALTH-CONDITIONED
MODEL
Joint | Model | w=0.3 w=0.5 w=0.7 w=0.9
10 (Base) Baseline 100.0 100.0 97.5 100.0
Ours 91.0 86.0 72.0 71.0
Baseline 45.0 15.0 0.0 0.0
JI (Shoulder) | ¢ ¢ 8.0 220 20 00
12 (Upperarm) Baseline 95.0 97.5 87.5 72.5
ppera Ours 9.0 940 850  83.0
Baseline 42.5 0.0 0.0 0.0
13 (Elbow) Ours 390 340 30 00
J4 (Forearm) Baseline 97.5 97.5 97.5 97.5
Ours 97.0 90.0 95.0 89.0
. Baseline 100.0 95.0 65.0 67.5
J5 (Wrist Ours 900 8.0 820 790
Baseline 100.0 97.5 90.0 72.5
76 (Hand) Ours 710 780 790 820

Healthy baseline \ Baseline: 97.5%  Ours: 99.0%

w=0.5, and recovers a non-zero 2% at w=0.7 where the
baseline scores 0%. J3 (Elbow) improves from 0%—34% at
w=0.5 and gains 3% at w=0.7. For joints that were already
succeeding, our model maintains competitive performance: J2
improves from 72.5%—83% at w=0.9, and J5 improves across
all high-weakness levels (65%—82% at w=0.7, 67.5%—79%
at w=0.9). J6 shows a notable shift from 72.5%—82% at
w=0.9.

We observed a trade-off on joints that the baseline is already
working well. JO drops from near-perfect to 71-91% and
J4 from 97.5% to 89-97%. This could be solved by adding
data saved using pretrained models action predictions into the
dataset. Since our dataset contains healthy rollouts of pre-
trained model and teleoperated episodes where VLLA-Adapter
fails, it is expected that our model may have inconsistencies
at some combinations due to lack of pretrained episodes.

The per-task breakdown in Table III reveals where gains
concentrate. On tasks where baseline completely fails (e.g., TS
J1 w=0.3: 0%—30%; T8 J3 w=0.5: 0%—80%), our model
learns compensatory strategies. Conversely, some task—joint
combinations remain at 0% for both models (J1 and J3 at
w=0.9), indicating physical limits that no action adaptation
can overcome.



TABLE III
PER-TASK SUCCESS RATE (%) UNDER ALL JOINT MALFUNCTIONS ON LIBERO-SPATIAL (T0-T9). B = BASELINE, O = OURS. J1 w=0.9 AND J3
w=0.9 OMITTED (BOTH MODELS 0% ON ALL TASKS). BOLD INDICATES OUR MODEL OUTPERFORMS THE BASELINE.

JO (Base) J1 (Shldr) J2 (Uparm) J3 (Elbow) J4 (Forearm) J5 (ersl) J6 (Hand)
T 913 573 5 7 9|35 9
0 B|[100|100 100 100 100| 25 50 0O |100 100 100 100[100 O O [100 100 100 100|100 100 75 100 100 100 100
O|[100|100 100 100 100| 90 30 O [100 90 100 100|{ 90 70 0O |100 100 100 100|100 100 90 100 100 100 100 100
1 B | 100 100 100 100 100| 0 25 0100 100 100 50 | 50 O O |100 100 100 100 75 50 100 100 100 50 25
0100 70 20 40 (100 60 O |80 90 60 70|50 30 20| 80 60 80 100 100 100 50 30 60
2 B|[100|100 100 100 100| O 25 0 |100 100 100 100|25 O O |[100 100 100 100|100 100 25 100 100 100 100
O|[100|100 100 90 80 |100 80 O [100 100 100 100| 60 70 O | 100 100 100 100|100 100 100 100 100 100 100 100
3 B|[100|100 100 100 100|100 O O |100 100 100 100| 75 O O |[100 100 100 100|100 100 50 100 100 100 100 100
O|100|100 100 100 100/ 90 0 0 |100 100 100 100| 30 O O |100 100 100 100|100 80 60 80 100 100
4 B|[100 100 100 100 100| 75 25 0100 100 100 75| O O 0 |100 100 100 100 100 100 100 100 100 100 50 0
O|100 70 60 60 (100 10 O [100 90 90 100| 10 20 O [100 90 90 100 100 90 100 0 10
5 B 100 100 100 100/ O O 0|75 75 50 25|75 0 0|75 75 75 100 100 75 50 100 75 100 75
(6] 100 100 90 90 100| 30 20 O 100 100 100 90 | 70 70 10|100 90 100 50 60 100 100 100 100
6 B|[100|100 100 75 10075 O O |100 100 100 100|25 O O [100 100 100 100|100 100 100 100 100 100 100 100
O[100|100 100 100 100{ 80 0 O [100 100 100 100| 10 O O |100 100 100 100|100 100 90 100 100 100 100
7 B |[100 100 100 100 100 0 O 0 |100 100 75 75|50 0O O |[100 100 100 100 ]00 100 100 100 100 100 100
O|100 60 30 101|100 0 20(100 90 60 30| O O 0 |100 80 90 40 40 100 100 100 100
3 B IOO lOO 100 100 10075 O 0|75 100 50 O |25 0O O [100 100 100 100 100 100 0 100 IOO 100 100 25
o 80 50 20 ({100 10 0|90 80 60 50 |50 8 0|9 80 90 90 100 40 60 50
9 B|[100|100 100 100 100|100 25 0O |100 100 100 100 O O O |100 100 100 100|100 100 100 100 IOO 100 100 100
O[100|{100 90 80 100|100 10 O |90 100 80 90 |20 O 0 |100 100 100 100|100 100 90 100 100 100 100

D. Analysis

Kinematic criticality determines difficulty. As we pre-
sented in results, Joints 1 (Shoulder) and 3 (Elbow) with
degradations are hard to solve because they control the
main reaching and lifting motions. At high weakness levels,
completing a task is impossible due to drastic shrinkage of
reachable workspace.

Health conditioning enables adaptive strategies. The
Table 3 shows that on some tasks, our model achieves sig-
nificantly large gains (T5 J2: 25—90 at w=0.9; T8 J3: 0—80
at w=0.5), suggesting that the model adapted task specific
different trajectories that solves the degraded joint’s reaching
problem. At some other tasks, improvement is limited because
task does not have much motion alternatives to create.

Cost of generalization. As we collected our data by
ourselves, dataset has highly limited coverage among the pos-
sibilities of malfunction level - joint combinations. This brings
some results that model seemed to forget prior information
and not able to adapt truly. This can be solved by creating a
broader malfunction dataset and covering as much degradation
combination as possible.

Data efficiency. We used only 178 episodes (128 malfunc-
tion + 50 healthy) to train the model and yet it achieves mean-
ingful recovery on joints that pretrained model entirely fails
on. Health Projector showed that explicit health conditioning
is a highly parameter efficient approach for malfunction adap-
tation.

V. DISCUSSION AND FUTURE WORK

This work demonstrates that VLA models can be made
aware of physical degradations through a simple, parameter-
efficient health conditioning mechanism. By injecting an ex-

plicit health vector via a zero-initialized projector, we enable
the pretrained VLA-Adapter to adapt its action predictions to
degraded joints without sacrificing nominal performance.

Limitations. Our current approach is limited with only
single joint degradation on only LIBERO task suite. Also it
requires adding an explicit health vector. We believe that a
module that able to generalize various degradations without
any external health info can be developed.

Multi joint degraded data. Since our approach supports
multi joint degradations, this work can be done but as we
collect our data via teleoperation. It requires a data collection
effort to build such a dataset.

Implicit health estimation. Our proposed architecture re-
quires feeding health vector explicitly. A mechanism that
learns from robot’s actions and reactions can be developed.
That kind of work will bring zero shot adaptation to degrada-
tion and capability of being aware to malfunction knowledge.

Scaling to diverse and real embodiments. As our method
is only finetuned and evaluated at simulated environments and
robots, executing this approach on different real life robot
embodiments remains as an open problem.
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