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Abstract

Vision-language-action (VLA) models have recently demon-
strated strong generalization across robotic manipulation
tasks. However, many VLAs remain brittle to variations in
initial workspace configurations, limiting their applicability
in industrial settings. We investigate improving VLA robust-
ness for industrial pick-and-place using lightweight resid-
ual reinforcement learning (RL). Instead of finetuning the
base VLA, we learn a small residual multi-layer perceptron
(MLP) policy that edits actions generated by a frozen VLA
policy. We further investigate several design choices for
stable residual learning, including curriculum-based do-
main randomization, network initialization, reward struc-
ture, and residual observation spaces. Using a representa-
tive industrial pipe sorting task in IsaacLab with the GROOT
N1 VLA, we demonstrate that residual RL substantially im-
proves robustness and behavioral diversity under increas-
ing workspace randomization while requiring only a frac-
tional increase in parameter count.

1. INTRODUCTION

Recent vision-language-action (VLA) models such as
OpenVLA [6], RT-2 [14], MolmoAct [7], and GROOT [3]
have demonstrated strong capabilities for general robotic
manipulation. While these models exhibit strong inter-task
generalization, recent studies [4, 5, 8] suggest that many
VLASs remain brittle within a task when initial workspace
configurations vary significantly. This intra-task brittleness
presents a major challenge for deploying VL As in industrial
environments where workspace variation is unavoidable.
Existing approaches often rely on collecting increasingly
diverse teleoperation data, which does not scale efficiently
and may still fail to adequately cover broader workspace
distributions. Recent works such as [9] investigate RL fine-
tuning of the base VLAs to improve this robustness, which
can be computationally-expensive to do. Residual RL of-
fers a parameter-efficient and training-efficient means of

Figure 1. Left: Residual RL finetuning for action-chunked VLA
policies. A lightweight residual policy edits actions from a frozen
VLA policy. Right: improved VLA behavioral diversity under
workspace randomization using the best studied design choices.

improving base model performance and robustness [2], but
has not been characterized well for VLAs. As such, in
this work, we investigate whether residual RL can improve
VLA robustness without finetuning the underlying VLA it-
self. While residual RL has been investigated methodolog-
ically in works such as [12] to then distill the trajectories
collected from trained residual RL experts back into the
original VLA, our work is complementary. We are study-
ing various design elements that can be used to instantiate
a residual RL policy for a frozen VLA to determine which
are useful for robustness.

More specifically, we implement a lightweight residual
policy that edits actions generated by a frozen VLA pol-
icy, and then to stabilize training, we additionally investi-
gate curriculum-based domain randomization, reward shap-
ing, residual observation design, and initialization strate-
gies. Our experiments on an industrial pipe sorting task
show that residual RL substantially improves robustness un-
der increasing workspace randomization while adding only
approximately 0.02% additional parameters.

2. METHOD

We consider a frozen base VLA policy mp,se that generates
action chunks (apgse ¢ - - - » Gbase,t+1)- A lightweight resid-
ual policy 7., produces corrective actions a; = Qpgse,t +
Gres,t- The residual policy is trained with PPO [11] and the
base VLA remains frozen. The base VLA is queried every
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Figure 2. Left to right: residual RL under best studied design
choices yields improved robustness over base VLA, curriculum
learning improves robustness over no curriculum, dense rewards
outperform sparse rewards for residual RL training, and distilled
task observations outperform using VLA internal embeddings.

L timesteps to generate an action chunk, and the residual
policy edits the currently executed action at every timestep.
To improve learning stability, we employ curriculum-based
domain randomization inspired by [1]. The workspace ran-
domization range is gradually increased once the policy ex-
ceeds a success threshold. Intuitively, this allows the resid-
ual policy to initially preserve the pretrained VLA behavior
and progressively learn stronger corrections as task diffi-
culty increases. We also investigate: (i) sparse vs. dense re-
wards, (ii) task observations vs. internal VLA embeddings,
and (iii) residual network initialization strategies.

3. EXPERIMENTS

We evaluate our approach using the IsaacLab industrial
Pipe-Sort task [10] with the GROOT N1 VLA [3]. The
robot must pick up an exhaust pipe and place it into the cor-
rect bin using only first-person RGB observations and lan-
guage instructions. Workspace randomization is introduced
by perturbing the object spawn position across increasing
Ax, Ay ranges. Success is measured by whether the pipe is
placed within the correct bin. Residual policies are trained
using PPO with lightweight 2-layer 512-node MLPs.

4. RESULTS

Residual RL consistently improves robustness across in-
creasing workspace randomization ranges (Figure 1). Fig-
ure 2 summarizes the primary ablation results. We addi-
tionally observe increased behavioral diversity, measured
using Wasserstein distance between policy outputs under
nominal and randomized workspace configurations. Cur-
riculum learning substantially improves performance com-

X-Position Y-Position
P ecd

;',;f by '

Y

position (meters)

Figure 3. TSNE analysis of averaged VLM backbone embedding
from GROOT N1 at varying x,y object positions in workspace.
The embedding space seems to have structure despite averaging.

[ Network Initialization [ Last Layer, Action Output Scale [ Success Rate |

Xavier Normal Linear,0.1 60.00%
Kaiming Normal TanH, 0.1 67.00%
Sparse Linear, 0.1 88.00%

Ortho with Zero Last Layer TanH, 0.1 85.00%

Table 1. Network Initialization Results at +/- 2cm Random Envi-
ronment Initializations

pared to directly training on large workspace randomization
ranges. Dense rewards outperform sparse rewards, likely
due to improved sample efficiency and more stable value
estimation under PPO. We also find that residual policies
conditioned on task-specific observations outperform those
conditioned on internal VLA embeddings. While TSNE
analysis indicates that averaged VLA embeddings preserve
some workspace structure (Figure 3), the compressed rep-
resentations appear insufficient for effective residual adap-
tation. Finally, initialization plays a critical role in training
stability (see Table 1). Sparse initialization and orthogonal
initialization with a zeroed final layer (both similar to [13])
significantly outperform standard Xavier and Kaiming ini-
tialization strategies. We hypothesize that initializing resid-
ual outputs near zero is important when using curriculum-
based domain randomization, as early workspace configu-
rations remain close to the pre-trained VLA distribution.

5. CONCLUSION

We present a lightweight residual RL framework for
improving robustness of frozen VLA policies under
workspace randomization in industrial pick-and-place set-
tings. Our results demonstrate that residual action editing,
under the right design choices, can improve robustness and
behavioral diversity while requiring minimal additional pa-
rameters. We identify important design choices for stable
residual learning, including curriculum-based domain ran-
domization and near-zero residual initialization strategies.
These findings suggest that lightweight residual adaptation
may provide a practical mechanism for improving VLA ro-
bustness under industrial workspace distribution shift.
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