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Abstract

Vision-Language-Action (VLA) models enable test-time
behavioral steering via neuron-level interventions, but ex-
isting methods use fixed strengths and operate in open loop.
This static modulation fails under evolving task dynam-
ics, leading to overcorrection, oscillations, and reduced
task success—especially for temporal attributes like speed.
We propose CTRL-STEER, a control-theoretic framework
that casts activation steering as closed-loop feedback with
adaptive, time-varying interventions. Instead of assuming
neurons encode temporal concepts, we steer along motion-
aligned residual directions and regulate intervention mag-
nitude via feedback. We instantiate this with both PID
and reinforcement learning controllers that jointly optimize
concept adherence and task success. Experiments on fine-
tuned OpenVLA policies across four LIBERO suites show
improved stability and a better steering—success trade-off
over baselines, without retraining the base model.

1. Introduction

Vision-Language-Action (VLA) models [5, 18] enable end-
to-end robotic control by jointly processing visual obser-
vations and language instructions to generate low-level
actions. Typically, a pretrained Vision-Language Model
(VLM) serves as a perceptual-semantic backbone, paired
with an autoregressive action decoder [32]. Early work
showed that pretrained VLMs can be adapted for robotic
control via tokenized actions [32], while recent models such
as OpenVLA and 7 integrate large pretrained backbones
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like LLaMA [5, 18, 26] with robot interaction data. De-
spite strong semantic generalization [5, 7, 15], these models
struggle with physical attributes such as speed, spatial con-
straints, and fine-grained configurations [4, 8, 14, 17, 24,
28, 30], which require precise continuous control.

We address this gap with an inference-time steering
framework that augments execution with control objec-
tives without retraining, avoiding costly data collection [ 13,
23, 27, 29, 31]. Prior work on activation-level steer-
ing [10, 11, 22], identifies concept-aligned neurons or di-
rections and applies fixed scaling [12, 16, 21, 33]. However,
such open-loop interventions ignore evolving task dynam-
ics; along with polysemanticity [6, 9], they often lead to
overcorrection and degraded task success.

We instead introduce a control-theoretic view of acti-
vation steering, treating neuron modulation as a feedback-
regulated process rather than a static perturbation. Drawing
from classical closed-loop control in robotics [1, 3], we pro-
pose CTRL-STEER, which dynamically adjusts concept-
aligned neuron activations based on execution feedback.

We first identify motion-relevant neurons by project-
ing feed-forward value vectors into vocabulary space and
selecting those aligned with the control features, extend-
ing [12] from single features to concept-level steering. In-
stead of fixed coefficients, we compute time-varying inter-
ventions. A PID controller [2] adjusts neuron scaling based
on tracking error, providing a simple mechanism for stabi-
lizing steering. To capture longer-horizon effects, we fur-
ther introduce an RL controller trained with PPO [19, 25],
which learns a nonlinear policy to jointly optimize steering
and task success.

Our approach enables control over continuous attributes
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Figure 1. We present CTRL-STEER for controlled steering of VLA models. First, we identify feature-aligned neurons by projecting
FFN value vectors to the token space and selecting neurons whose semantic embeddings align with the features. During inference, these
neurons are steered through activation intervention. The proposed closed-loop controller learn to adaptively regulate the steering based on
the feedback from the environment and reward from task completion. This enables dynamic control of robot behavior while maintaining a

high task success rate during VLA execution.

while preserving task performance. PID-based steering
maintains success near baseline (71.37%) compared to a
collapse under static steering (1.8%). RL further improves
success to 73.88% (height) and 76.12% (speed), demon-
strating that closed-loop regulation resolves the trade-off
between concept enforcement and task completion.

We make the following contributions.

1. Closed-Loop Steering. = We introduce a control-
theoretic formulation of activation steering in VLA mod-
els, enabling dynamic, feedback-driven regulation of
concept-aligned neurons.

2. RL-based Control. We develop an RL controller that
adaptively modulates neuron activations to jointly opti-
mize steering objectives and task success.

3. Empirical Validation. On LIBERO, PID-based steering
preserves success close to baseline (71.38%) while static
steering drops to 27.38% (height) and 1.88% (speed).
RL further improves success to 73.88% (height) and
76.12% (speed) while maintaining desired steering.

2. Approach

We study how interpretable internal concepts in VLA mod-
els can control robot behavior. As shown in Fig. 1, CTRL-
STEER first identifies neurons aligned with motion-related
concepts and then regulates them online with feedback con-
trol to steer behavior while preserving task success.

2.1. Interpretable Concept Identification

We build on mechanistic interpretability for VLA mod-
els [10, 12]. In each transformer FFN layer, the output can
be written as a sum of neuron activations and value vectors:

dm
FFN*(r) = mevf. (1)
i=1

Following [12], we project each neuron’s value vector into
vocabulary space and construct a semantic embedding

semf = g

wETopK (p)

P (w) e(w), 2)

where p? is the probability distribution of tokens after pro-
jection. This captures the dominant concept promoted by
that neuron.

Unlike prior work [12], we identify neurons for a broader
motion concept using a set of representative tokens, e.g.,
{up, down, left, right, forward, backward}. We
retrieve the candidate intervention set by k-NN matching:

S= U kNNy (e(w) 5 {sem{}es) . 3)

weTe

Because neurons can be polysemantic [9], we manually fil-
ter the candidates and retain the 10 most consistent neurons.

This interpretability step provides the link between inter-
nal concept representations and controllable robot behavior.
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Figure 2. Left: Example of steering the height concept for the task: Put the yellow and white mug in the microwave and close it. The
goal is to steer the arm to the desired direction, e.g., a larger height. Right: i. The unsteered VLA model follows a low trajectory and
fails to place the mug correctly. ii. Static steering of VLA drastically increases the trajectory height and collides with the microwave top.

iii. CTRL-STEER - our closed-loop RL-based steering dynamically adjusts neuron coefficients, achieving sufficient vertical clearance for
successful placement while enabling correct door closure.
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Figure 3. We present the effect of steering height for the task ‘pick up the book and place it in the back compartment of the caddy’.
Unsteered model keeps the end-effector lower. The static steered model increases the height, but fails to achieve a high task success rate.
Closed-loop steering keeps the end-effector higher while completing the task.

However, for temporal concepts such as speed, identifying
aligned neurons is not sufficient: the intervention strength
must also vary over time as the task evolves.

PID control. We first use a PID controller [2]:

t
othID:ert—|—sz:eT—|—KD(et—et_l)7 (6)
2.2. Closed-Loop Activation Steering =0

which adapts steering based on instantaneous, accumulated,
and changing error. This yields a simple closed-loop mech-
anism for stabilizing concept control. We bound interven-
tions to [0, 20] to avoid overly strong perturbations.

Prior methods use a fixed intervention coefficient [12]:

-0 [0}
m;

This open-loop strategy enforces a concept, but harms task
completion because it ignores changing task dynamics.

if (¢,i) € S,
otherwise.

“4)

RL control. PID is reactive and does not explicitly op-
timize long-horizon task outcomes. We therefore introduce

We cast steering as a feedback control problem. Let ¢!
denote the concept value at time ¢ and define error as

el =c"— ¢, 5)

where ¢* is the desired concept target. Rather than applying
a fixed coefficient, we compute time-varying neuron inter-
ventions o over the selected neurons.

an RL controller that jointly optimizes steering and task suc-
cess. The policy takes as input

st = lar, Aag, o'~ t/T), (7)
and predicts neuron-level interventions

ol = ma(se). (8)



Table 1. Steering of end-effector height averaged across LIBERO
task suites. We compare unsteered OpenVLA, static steering (C' €
{5,10,20}), and CTRL-STEER (PID, RL). Height (m) denotes
average end-effector height, AAT captures Area Above Threshold
(active motion), and SR (%) is task success rate.

Method Height (m) AAT SR (%)
OpenVLA [18] 0.792 £ 0.096  96.200 £ 57.110 71.38
C=5[12] 0.791 £ 0.095  91.457 £ 53.947 70.75
C=10[12] 0.789 £ 0.095 101.594 +79.486  71.25
C=20[12] 0.756 £ 0.087 106.732 + 80.042  27.38
CTRL-STEER(PID) 0.791 £0.094  97.677 £ 73.516 71.00
CTRL-STEER(RL)  0.787 £ 0.096  96.070 £ 65.048 73.88

Table 2. Temporal steering of end-effector speed averaged across
LIBERO task suites. We compare unsteered OpenVLA, static
steering (C' € {5,10,20}), and CTRL-STEER (PID, RL). Speed
(cm/s) denotes average end-effector speed, SAT captures Speed
Above Threshold (active motion), and SR (%) is task success rate.

Method Speed (cm/s) SAT (cm/s) SR (%)
OpenVLA 14.238 +3.270  3.008 £+ 0.923 71.38
C=5 14.404 +3.157 3.027 £ 1.017 71.62
C=10 14.140 +3.248  3.000 £+ 0.953 57.88
C=20 12.308 + 1.966  4.186 + 1.486 1.88

CTRL-STEER(PID)
CTRL-STEER(RL)

14.260 + 3.256
14.207 + 3.308

2999 +£0942  72.50
2950+£0971  76.12

The reward balances concept control and task success:
Ty = Tsteer(t) + A Ttask- (9)

We train task-specific policies initialized from PID trajec-
tories, allowing coordinated and nonlinear modulation of
concept-aligned neurons.

3. Experiments

We evaluate on all four LIBERO task suites [20]: LIBERO-
Goal, LIBERO-Object, LIBERO-Spatial, and LIBERO-
Long (libero-10 subset). These tasks span compositional
reasoning, spatial relations, and long-horizon execution,
making them suitable for evaluating both state-based and
temporal steering. We use OpenVLA [18] (7B, LLaMA-
2 backbone [26]), fine-tuned per LIBERO task suite. We
evaluate (i) height (state-based) and (ii) speed (temporal).

For height: mean height, 95! percentile, and AAT (Area
Above Threshold) [12]. For speed: mean speed and SAT
(Speed Above Threshold) [12].

3.1. Results

Height Steering. Let ¢! = h! and ¢* = 2hy. For RL, we
use h! as reward with trade-off A € {100, 200, 500, 1000}.
Mean height is sensitive to low-motion phases, while max
height depends on initialization; thus we report 95" per-
centile and AAT for sustained elevation. As shown in

Tab. 1, static steering increases height but degrades success,
especially at high coefficients (C' = 20). In contrast, CTRL-
STEER maintains comparitive performance while achiev-
ing comparable elevation as shown in Fig. 3.

Speed Steering. We set ¢! = s® and ¢* = 30 cm/s.
Since average speed is dominated by stationary phases, we
use SAT defined as mean(s’ | s > sup,) with s4,. = 20
cm/s. Results in Tab. 2 show that static steering with large
coefficients significantly harms task success, while CTRL-
STEER achieves stable speed modulation with minimal
degradation.

Analysis. Static steering exhibits a clear trade-off: in-
creasing intervention strength improves concept expression
but severely reduces success. With C' = 20, average suc-
cess drops from 71.37% (unsteered) to 27.37% (height)
and 1.8% (speed). In contrast, closed-loop control main-
tains performance: PID achieves 71% (height) and 72.5%
(speed), while RL further improves to 73.88 % and 76.12 %,
respectively, surpassing the baseline.

Steering—Success Trade-off. CTRL-STEER adaptively
regulates intervention strength, reducing it when strict con-
cept enforcement conflicts with task completion. For exam-
ple, in the microwave task (Fig. 2), static steering causes
collisions due to excessive height, whereas CTRL-STEER
attenuates intervention during insertion, preserving success.
Similar behavior is observed for speed, where excessive
motion destabilizes interactions; adaptive control mitigates
this, unlike static steering.

RL without PID Initialization. Without PID warm-
start, RL performance drops: task success rate and steered
concept metrics reduced while training RL policies without
PID initialization, underperforming both baseline and other
methods. This highlights the importance of PID initializa-
tion for stable and efficient learning.

4. Conclusion

We present a closed-loop activation steering framework for
VLA models that enables controllable behavior while pre-
serving task success. By formulating steering as feedback
control and adapting neuron activations via PID and RL,
we improve the steering—success trade-off across LIBERO,
with RL surpassing the baseline. Limitations include task-
specific RL training, partial manual neuron selection, and
limited concept coverage. Future work includes task-
agnostic control, automated disentanglement, and multi-
concept steering.
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A. RL Training without PID Initialization

Table 4. Average Inference Cost for All Approaches (No steering,
Static steering with C' = 5, 10, 20, and CTRL-STEER with PID

Table 3. Performance of RL controllers trained without PID ini-
tialization for speed steering across all four LIBERO task suites.
Compared to the RL+PID controllers used in the main paper, train-
ing RL without PID initialization results in lower task success rates
(SR), demonstrating the importance of PID initialization for start-
ing with a stable RL training.

TASK SUITE METHOD SAT (cm/s) SR (%)
LBEROLONG oy fogmib) 2a9<1292 5700
LBEROGOAL it 0bn) J6sr 1306 7500
LIBERO OBIECT oy {,'pip) 3134 50434 7300
LIBEROSPTIAL oy (. 'pip) S0 50759 7700

and RL)

Task time / step (s) Peak GPU (GB)

OpenVLA 0.1869 £+ 0.0039  14.2587 £ 0.0003
C=5 0.1961 £ 0.0124  14.2587 + 0.0003
C=10 0.1967 £ 0.0079  14.2587 + 0.0003
C=20 0.1974 £ 0.0060  14.2587 + 0.0003

CTRL-STEER (PID)
CTRL-STEER (RL)

0.2021 £ 0.0076
0.2094 £ 0.0077

14.2587 £ 0.0003
14.2588 £ 0.0003

In this section, we provide detailed results across all
LIBERO task suites to support our claim in the main pa-
per on “degraded task success and steering performance for
RL training initialized without PID data”.

In our default training setup, the RL controller is initial-
ized using steering coefficients generated by the PID con-
troller, which provides a stable starting point for learning.
To evaluate the importance of this initialization, we also
trained RL policies from random initialization, without us-
ing PID-generated trajectories.

Tab. 3 reports the detailed results for speed steering on
all four LIBERO task suites: Long, Goal, Object, and Spa-
tial. Across all suites, removing PID initialization consis-
tently leads to lower task success rates while providing no
improvement in steering metrics. These results support the
conclusion in the main paper that PID initialization stabi-
lizes RL training and improves the trade-off between con-
cept steering and task completion.

B. Time Complexity Analysis

Tab. 4 shows the average time complexity and peak GPU
usage for different approaches. CTRL-STEER imposes low
overhead on both time complexity and GPU usage, mak-
ing it a suitable approach over retraining or finetuning the
model.

Fig. 4 and Fig. 5 shows the breakdown of the time over-
head in controlled steering. The results show that the major
computational cost comes from VLA forward pass, and the
overhead created by the controller is negligible.

Average Computation Time Breakdown for PID Controller
1.72e-01

4.70e-03

1.96e-05

Time per timestep (s)

1.00e-06

Figure 4. Breakdown of the average per-timestep computational
cost for CTRL-STEER with only PID. The VLA forward pass
dominates the runtime in both cases, while the additional compu-
tations required for controlled steering contribute a very low over-
head.

Average Computation Time Breakdown for RL Controller
1.79e-01

7.85e-04

4.24e-05

Time per timestep (s)

1.00e-06

Figure 5. Breakdown of the average per-timestep computational
cost for CTRL-STEER with RL+PID. The VLA forward pass
dominates the runtime in both cases, while the additional compu-
tations required for controlled steering contribute a very low over-
head.
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