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Abstract. Vision-Language Action (VLAs) models promise to extend
the remarkable success of vision-language models (VLMs) to robotics. Yet,
unlike VLMs in the vision-language domain, VLAs for robotics require
finetuning to contend with varying physical factors like robot embodiment,
environment characteristics, and spatial relationships of each task. We
propose leveraging few-shot demonstrations of tasks to better capture this
physical variability. Overfitting to the trained task is yet another problem
of existing methods. Inspired by functional specificity, we hypothesize
that finetuning only task-specific sparse model representations is both
more effective and better retains pretrained model generality. In this
work, we introduce Robotic Steering, a finetuning approach grounded
in mechanistic interpretability that leverages few-shot demonstrations to
identify and selectively finetune task-specific attention heads aligned with
the physical, visual, and linguistic requirements of robotic tasks. Through
comprehensive on-robot evaluations with a Franka Emika robot arm, we
demonstrate that Robotic Steering outperforms LoRA while achieving
superior robustness under task variation, reduced computational cost,
and enhanced interpretability for adapting VLAs to diverse robotic tasks.

1 Introduction

Vision-Language-Action (VLA) models represent an emerging paradigm that
extends foundation models to robotics by jointly modeling vision, language, and
physical action spaces [42,54,69,79]. While large-scale robotic datasets [15,17,40]
have enabled significant scaling of model pretraining, VLAs have yet to achieve
the impressive generalization of language and vision-language models. Unlike
Vision-Language Models (VLMs) [5, 43, 56] that demonstrate remarkable zero-
shot adaptation, VLAs require targeted finetuning for each specific deployment
environment, establishing a paradigm where practitioners must adapt models to
match the exact specifications of their intended task.
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This reality raises a philosophical question: what constitutes a "task" in
robotics? A seemingly straightforward manipulation objective such as picking
up a mug can have many physical instantiations when considering real-world
perturbations [2,25], such as a camera position, the color of the mug, the table
height, or even variations of the robot initial position by a few centimeters. Unlike
vision and language domains where tasks have clear boundaries, robotics operates
in a continuous space of physical variations where the slightest environmental
perturbation can fundamentally alter the required model behavior. We propose
that few-shot expert demonstrations better specify what a robotic "task" is, as
they contain the valuable physical information inextricably linked to the task
definition. Unlike linguistic descriptions alone, these demonstrations encode the
physical properties of the deployment scenario: the exact angle the robot grasps
from, how cluttered the workspace is, what lighting conditions exist, and countless
other factors that determine successful execution.

Given task specification through few-shot demonstrations, the key challenge
becomes: how can we effectively make use of these demonstrations to learn an
embodied task efficiently? Current finetuning methods like LoRA [35] broadly
adapt all model parameters regardless of task specifics, risking overfitting to
the narrow training distribution and eroding the pretrained representations that
enable generalization. In contrast, we take inspiration from functional specificity
in neuroscience, which suggests that certain brain regions are specialized for
particular tasks [21,39], and from mechanistic interpretability in machine learning,
which has shown that specific attention heads in transformers encode distinct
capabilities [29,30,55]. Building on these insights, we introduce a novel paradigm
especially suited for robotics: using few-shot demonstrations, we first identify
which attention heads encode task-relevant representations, and then specifically
finetune those components. Because the base weights stay frozen and adaptation
is low-rank and selective over task-relevant heads, the broad pretrained knowledge
that makes VLAs capable zero-shot remains largely intact. Such task-relevant
adaptation yields policies that are not only effective on the target task but also
robust to environmental variation and transferable to related tasks.

We introduce Robotic Steering, the first approach to leverage mechanistic
interpretability for finetuning task-specific representations of VLAs. Our method
consists of three steps, each addressing a key challenge in VLA adaptation. First,
we perform semantic attribution to identify task-relevant attention heads. Given
a set of few-shot demonstrations of a task, we extract activations from each
attention head as the base model performs a forward pass on the examples. We
then select heads whose activations perform best on a lightweight k-NN regression
task of predicting the ground truth actions for the examples. By identifying these
task-specific heads, we can achieve more precise adaptation than uniformly
finetuning all parameters. Our second step is to freeze the visual encoder, action
expert, and LLM backbone while applying targeted finetuning to the query and
output projections of the selected heads using LoRA adapters. This preserves the
generality and robustness of the pretrained model. Finally, the resulting model
deploys as a standard checkpoint without additional overhead. Unlike other
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Fig. 1: Robotic Steering. Our method leverages few-shot examples that capture the
inherent physical variability of robotic tasks to identify and selectively finetune only
task-relevant attention heads. In contrast, standard approaches specify tasks only with
a language expression and update all parameters. Because of this, our novel method is
a more performant, efficient, and generalizable approach for few-shot VLA finetuning.

mechanistic approaches that require activation interventions during inference, our
finetuned weights integrate seamlessly into existing VLA deployment pipelines.
An overview is shown in Figure 1, and a detailed view is shown in Figure 2. We
summarize the main contributions of our work: (i) We introduce Robotic Steering,
the first method combining mechanistic interpretability with robotic finetuning
for controllable adaptation through semantic attribution of attention heads; (ii)
Through comprehensive on-robot evaluations using a Franka Emika robot arm,
we demonstrate that Robotic Steering matches or outperforms full-head LoRA
across all tested tasks while requiring less runtime and fewer parameters; (iii)
Our approach exhibits superior task generalization and environmental robustness,
including variations in lighting, object properties, and scene configurations,
compared to standard finetuning methods; (iv) We provide a practical framework
producing standard model checkpoints deployable without additional inference
overhead, making mechanistic finetuning accessible for real-world robotic systems.

2 Related Work

Few-Shot Adaptation in Vision-Language-Action Models. Large Language
Models (LLMs) [3,38,60,71] and Large Multimodal Models (LMMs) [1,4,49,50,57,
67,68] have demonstrated remarkable capabilities through large-scale pretraining
and causal token prediction. Vision-Language-Action models (VLAs) represent the
current frontier of robot policy learning [18,42,61,69,79] and is enabled by large-
scale datasets [15, 17, 40]. This scale of training has demonstrated generalization
across embodiments and tasks. The state-of-the-art π-series models—π0 [12]
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Fig. 2: Robotic Steering Approach. Robotic Steering enables targeted adaptation
of VLAs by (1) using few-shot demonstrations to extract task-relevant attention heads,
(2) finetuning only these components, (3) and using the sparsely finetuned weights for
task inference.

and π0.5 [59]—use flow matching for continuous action generation along with
large-scale data to achieve impressive zero-shot transfer. Despite these advances,
VLAs struggle with few-shot adaptation to new environments.

Researchers have explored various few-shot techniques: in-context learning ap-
proaches [52,64,76] condition on demonstrations without weight updates but face
context limitations; parameter-efficient finetuning reduces trainable parameters
through general-purpose adapters [28, 35, 36, 45, 51] and VLA-specific finetuning
recipes and adapters [41, 44, 63, 73, 74]; meta-learning [23, 26, 77] and behavior
retrieval [19, 46, 75] enable rapid adaptation given access to prior data. However,
these methods update parameters without considering which components encode
task-specific physical reasoning, lacking interpretability and failing to leverage
VLAs’ structured representations. This motivates our mechanistic approach that
stands in contrast to previous work by identifying and selectively finetuning only
task-relevant attention heads.
Mechanistic Interpretability. Recent advances in mechanistic interpretability
have revealed how model behavior can be precisely manipulated through internal
representations. Early research [9,10,78] established frameworks for understanding
semantic encoding in neural networks, while activation steering methods [58,66,72]
demonstrated parameter-free behavior modification. The discovery of specialized
components like induction heads [55] and task-specific neurons [32] led to task
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vector abstractions [31,70], with parallel work on sparse autoencoders [16] and
superposition [20] providing tools for decomposing representations.

An emerging line of work leverages few-shot mechanistic interpretability for
model adaptation via task vector methods [14, 33, 37, 53], which concentrate
task-relevant information in specific attention heads or activation subspaces.
Research in multimodal representations has revealed how vision-language models
structure cross-modal concepts through multimodal neurons [27], mechanistic
understanding [62], text-based decomposition [6,24], and knowledge localization [7,
8]. We are also excited by concurrent work on finetuning-free activation steering
in VLAs that looks at controlling VLAs’ behavior on in-domain tasks (e.g.
controlling robot height and speed for a task) [29]. The comprehensive survey
by Lin et al. [48] provides a broader overview of such approaches. While these
methods have succeeded in language and vision domains, our work is the first to
apply mechanistic interpretability for finetuning VLAs to learn new tasks in an
efficient, interpretable, and robust manner.

3 Methods

In this section, we present Robotic Steering, a finetuning approach inspired
by mechanistic interpretability that updates task-specific components of Vision-
Language-Action models. Our method identifies and selectively finetunes attention
heads that encode task-relevant physical reasoning, allowing VLAs to learn new
capabilities and preserve existing ones. We begin with preliminaries on VLA
architectures, followed by our three-step approach: (1) identifying task-relevant
attention heads, (2) selective finetuning of identified components, and (3) standard
inference with finetuned weights on the downstream task.

3.1 Preliminaries

Vision-Language-Action Models. VLAs extend the transformer architecture
to robotic control by processing visual observations and language instructions to
predict continuous action vectors. Given an observation ot consisting of image
frames and optional language instruction, a VLA predicts an action vector at ∈ Rd

containing control values (e.g., joint velocities, gripper commands). Modern VLAs
like π0 and π0.5 [12,59] formulate this as a conditional generation problem, where
actions are produced through autoregressive token prediction or flow matching.
The model processes inputs as a sequence of visual tokens, language tokens, and
robot state information, leveraging this multimodal context for action prediction.
Multi-Head Attention. For a transformer with L layers and H attention heads
per layer, each head (l, h) computes:

hh
l (xi) = softmax

(
QKT

√
dh

)
V (1)

where Q, K, V are query, key, and value projections. For action prediction in
VLAs, we focus on activations at the final token position hh

l (xT ), which aggregates
information across the entire sequence.
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3.2 Step 1: Identifying Task-Relevant Attention Heads

Our key insight is that within a VLA’s attention mechanism, specific heads natu-
rally specialize in encoding physical concepts relevant to particular manipulation
tasks. We identify these heads through their ability to retrieve examples with
similar action patterns from a few-shot set of examples.
Extracting Head Activations. Suppose we are given a frozen VLA and few-
shot demonstrations D = {(τ1, a1), (τ2, a2), . . . , (τN , aN )}, where each trajectory
τi consists of T timesteps. Each timestep t contains the VLA’s input observation:
visual tokens from camera images, language tokens from task instructions, and
robot state information (e.g., joint angles). The corresponding ai ∈ RT×d are
action vectors across all timesteps.

For each timestep t in trajectory τi, we extract the attention vector hh
l (τ

t
i )

for every head (l, h). Importantly, we work at the timestep rather than trajectory
level—each timestep becomes an individual example in our retrieval set.
k-NN Regression for Head Evaluation. To evaluate each head’s relevance,
we assess its ability to retrieve timesteps with similar actions. The intuition is
that if a head’s representation groups together observations that require similar
physical actions, then this head encodes task-relevant features worth finetuning.
In order to make head selection more efficient, we employ the keyframe extraction
approach suggested in [76]. Functionally, however, the approach is identical with
or without this step. More details can be found in Section ?? of the Supplementary.
For a query observation q from trajectory τi at timestep t: We first find the k
nearest neighbor timesteps from all other trajectories based on cosine similarity
in head (l, h)’s representation space:

N l,h
k (q) = top-k

{
hh
l (q) · hh

l (τ
s
j )

∥hh
l (q)∥∥hh

l (τ
s
j )∥

}
j ̸=i,s

(2)

Second, we predict the action by a distance-weighted average of the retrieved
neighbors’ actions:

âl,ht =
∑

(τs
j )∈N l,h

k (q)

ws
j a

s
j , ws

j ∝ 1

dsj + ϵ
(3)

where dsj is the cosine distance to neighbor (τsj ) and the weights are normalized
over N l,h

k (q). Finally, we compute the head’s score as the mean squared error
across all queries:

scorek(l, h) =
1

|D| · T
∑
τi∈D

T∑
t=1

∥âl,ht − ati∥2 (4)

We fix the number of selected heads m and choose the neighborhood size k by
grid search under the criterion above. Since scorek(l, h) depends on k through
the retrieved neighbors, we recompute the head ranking for each k in a small
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grid and retain the top m. We then choose the k whose top-m set attains the
lowest error, and take that set as Htask:

Htask = {(l, h) | scorek(l, h) is among the m lowest at the selected k}. (5)

This selection is a direct scan over the grid, not an elbow or thresholding heuristic.
We ablate the value of m in Section A.2 of the Supplementary. These heads
learn representations that effectively map task-specific observations to other
observations in a few-shot demonstration set that require similar actions, making
them ideal candidates for task-specific finetuning.

3.3 Step 2: Selective Finetuning with LoRA

Having identified task-relevant heads Htask, we perform targeted finetuning on
the parameters of those particular heads.
Head-Selective LoRA. Robotic Steering is a head-selective form of LoRA: where
standard LoRA adapts every attention head, we adapt only the task-relevant
subset Htask. We train LoRA adapters on the query and output projections of
the selected heads and freeze the attention adapters of all others:

W ′l,h
Q = W l,h

Q +Bl,h
Q Al,h

Q , W ′l,h
O = W l,h

O +Bl,h
O Al,h

O , (l, h) ∈ Htask. (6)

We leave the key and value projections frozen, since π0.5’s Gemma backbone
shares one key/value head per layer (multi-query attention), so they cannot be
adapted head-by-head. The remaining trainable components, the LLM’s FFN
LoRA adapters and the flow-matching action head, are common to a standard
LoRA finetuning paradigm and held identical across every method we compare.
Head selection is thus the only difference between Robotic Steering and the LoRA
baseline, so any performance gap reflects the impact of feature selection, not the
usage of a larger finetuning budget.
Training Objective. Our approach is flexible and compatible with any VLA
training objective. We simply finetune the selected heads using the same loss
function as the base model—whether that’s flow matching loss for diffusion-based
models like π0.5 or cross-entropy for discretized action spaces. This selective
updating acts as a targeted refinement that enhances task performance without
broadly overwriting all of the model’s parameters.

3.4 Step 3: Inference

After selective finetuning, inference proceeds through standard forward passes
with the finetuned weights. Unlike many mechanistic interpretability methods
that require computing and manipulating activations at inference time, our ap-
proach produces a standard model checkpoint deployable without additional
computational overhead or specialized procedures. The model simply uses the fine-
tuned weights for the selected heads while maintaining frozen weights elsewhere,
preserving both new task capabilities and existing skills.
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4 Evaluation

In our work, we evaluate our method on a variety of real-world on-robot tasks
using the strong π0 and π0.5 VLAs to demonstrate the effectiveness of our
approach on realistic, physically-grounded usecases. We select tasks of diverse
difficulties and skills and deeper experimentation and ablation that showcases
the many unique qualities of our approach including its performance, robustness,
and interpretability. We present more details as follows:

4.1 Implementation Details

While our method is model-agnostic, we use π0 [12] and π0.5 [59], two state-
of-the-art VLAs that use flow matching for continuous action generation. Our
entire implementation is in Jax [13], which notably lacks convenient hooks to
easily extract activations from the model. Thus, we highlight the development of
such functionality for a Jax-based model as a core technical contribution of our
work. We finetune the model using 2 NVIDIA RTX A6000 GPUs, emphasizing
the lightweight nature of our approach. We extract attention activations from
the model’s PaliGemma [11, 65] LLM backbone with 18 layers with 8 heads
each, selecting m = 20 heads for finetuning based on k-NN regression with
k ∈ {10, 20, 30, 40} neighbors and choosing the k that yields the lowest mean
squared error. The LoRA rank is set to r = 8, and we finetune for 5,000 steps
for our main experiments using only 20 demonstrations of the target task. More
implementation details are in Supp. Section B.

4.2 Robotic Setup Details

We follow the setup from DROID [40] exactly, using a 7-DoF Franka Emika
Panda robot arm with a Robotiq gripper and a low-level Polymetis controller [47].
As suggested by DROID, we enable two of the three cameras for both finetuning
and inference: the left arm camera and wrist camera. We record each example
episode at 6 Hz. All data collection is performed on-robot using teleoperation,
with each task controlling for the objects used for fairness across methods.

We evaluate a total of 5 primary tasks with the following language instructions:
(1) "place marker in mug", (2) "press red button hard", (3) "pick up red cube",
(4) "place green cube in red bowl", and (5) "push red cup to red bowl". We
collect 20 teleoperated demonstrations for all tasks for both head selection and
finetuning, representing a sample-efficient few-shot paradigm. All models are
finetuned for 5,000 iterations as detailed in Section 4.1 (implementation details).
More details about the setup can be found in Section C of the Supplement.

5 Results

Our main results are shown in Table 1. The crucial insight of Robotic Steering is
that few-shot expert demonstrations can encode the physical nuances of robotic
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Table 1: Results. We report the performance and computational cost of Robotic
Steering applied to real, on-robot tasks. Finetuned methods are trained on 20 demon-
strations. All approaches are evaluated using 40 trials under the same task settings.

Computational Cost Tasks

Method Training Trainable Place
Marker

Press
Button

Pick Place
Cube

Push Cup

Time Params in Mug Hard Cube in Bowl to Bowl

Zero-shot Methods

π0-DROID – – 15% 0% 35% 5% 0%

π0.5-DROID – – 10% 0% 20% 0% 0%

Finetuned Methods

π0 Full-head LoRA 239 min 29M 75% 45% 75% 60% 10%

π0 Robotic Steering (KNN) 189 min 15.8M 80% 75% 90% 85% 17.5%

π0.5 Full-head LoRA 214 min 29M 62.5% 90% 70% 65% 20%

π0.5 Robotic Steering (KNN) 185 min 15.8M 72.5% 85% 77.5% 80% 27.5%

tasks and more importantly inform which task-specific components of a model to
finetune for model adaptation.

Indeed, our results demonstrate that Robotic Steering matches or outper-
forms LoRA’s success rate on all evaluated tasks across both π0 and π0.5 VLA
models. This holds true for both simpler in-domain tasks which are similar to
DROID [40] dataset tasks and more challenging new tasks. This demonstrates
that Robotic Steering is a broadly effective finetuning approach, leveraging only
20 demonstrations for both head selection and finetuning to surpass the LoRA
baseline. It is worth noting that none of these tasks are trivial given the physical
context of on-robot evaluation, as evidenced by near 0% zero-shot success rates
for most tasks that were evaluated.

Interestingly, π0 and π0.5 exhibit similar performance on these short-horizon
manipulation tasks. We hypothesize this similarity stems from two factors: first,
π0 already achieves strong performance on this task distribution, leaving limited
room for improvement; and second, π0.5’s methodological improvements over π0
are significantly centered around long-horizon reasoning tasks, wheras our tasks
are shor-horizon for simpler and more consistent comparison.

Beyond task performance, Table 1 demonstrates that Robotic Steering is
significantly more computationally efficient than full-head LoRA, reducing fine-
tuning time by 21% while using 96% fewer trainable parameters. This efficiency
is crucial for practical robotics, where rapid iteration and experimentation in
new environments is essential.

Additional results and ablations are in Section A in Supp.

5.1 Ablations

We perform a comprehensive ablation study of Robotic Steering on the Place
Marker in Mug task to understand the impact of key design choices. For all
ablations, we use π0.5.
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Table 2: Ablations. We compare the performance and cost of different design choices
for head-selection and training configuration. All methods use 20 few-shot demos and
select top-20 heads for adaptation.

Method Place Marker Head Selection
Time

Fine-tuning
Time

Activation Cache

in Mug (min) (min) (M)

Head Selection Methods

CMA 15% 58 min 188 min 92.83M

REINFORCE 80% 93 min 186 min 92.83M

K-NN Regression (Ours) 80% 0.2 min 185 min 92.83M

Training Components

Queries only 10% 0.2 min 186 min 92.83M

Queries + MLP (Ours) 80% 0.2 min 185 min 92.83M

Head selection approach. Our results in Table 2 show that K-NN regression,
our approach for head selection, slightly outperforms Causal Mediation Analysis
(CMA) [70] and REINFORCE [34,37]. CMA, more specifically implemented as
causal ablation in our experiments, selects heads by adding noise to each head
and measuring the resulting performance drop on the 20 few-shot demonstrations.
REINFORCE optimizes head selection through gradient-based search to maximize
task performance. While all three methods achieve comparable task success rates
as shown in Table 2, K-NN regression offers a crucial advantage: significantly
lower runtime. This is due to K-NN regression not requiring model inference
and evaluation for head selection. Once the activations are computed, K-NN
regression becomes a simple and efficient regression approach on the activations.
Training Components. We ablate which components to finetune alongside

the selected heads. When adapting the selected task-specific heads, we finetune
their query and output projections, and we ask whether additionally adapting
the feedforward (FFN) path yields benefit. Table 2 shows that training the FFN
LoRA on top of the selected heads’ attention adapters improves success rate,
indicating that the feedforward projection following attention is important to
adapt for VLA finetuning. We do not finetune the key and value projections,
since π0.5’s Gemma backbone shares a single KV head across all query heads in
a layer (multi-query attention).

Scaling number of demonstrations. In Figure 3a, we analyze the effect of
varying the number of demonstrations used for fine-tuning. Robotic Steering
consistently outperforms Full-head LoRA across all data scales, achieving higher
success rates especially in low-data regimes. Performance improves sharply up
to 20 demonstrations, reaching around 72.5% success rate for Robotic Steering
compared to 62.5% for Full-head LoRA, and then saturates. This demonstrates
that our method can make more efficient use of limited demonstrations while
maintaining superior scalability.
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Fig. 3: Scaling Experiments. For the Place Marker in Mug task, we show the (a)
success rate versus number of demonstrations and (b) success rate versus number of
training iterations for Robotic Steering and full-head LoRA.

Scaling with training iterations. We investigate how our method scales with
the number of training iterations compared to Full-head LoRA. As shown in
Figure 3b, Robotic Steering demonstrates faster initial learning and achieves
higher final performance (72.5%) compared to Full-head LoRA (62.5%) after 5k
iterations. This result suggests that our approach surpasses or at least matching
LoRA’s capabilities of scaling performance with further training.

5.2 Additional Experiments

A key strength of Robotic Steering is its flexibility and generalization across
different training scenarios. In this section, we demonstrate that our approach not
only improves task-specific performance but also exhibits robust generalization
capabilities in three important dimensions: transfer to unseen tasks, multi-task
learning, and robustness to environmental variations. Additional results can be
found in Section A.2 of the Supplementary.
Generalization to unseen tasks. While trained exclusively on Place Marker in
Mug and Place Cube in Bowl, our method generalizes successfully to an unseen
task (Pick Mug). Excitingly, Robotic Steering leads to noticeable gains over
LoRA on unseen tasks in both single and multi-task finetuning settings. This
result shows us that while Robotic Steering leads to superior performance on
the specific tasks in the train set, it also offers broader generalization to similar
tasks, a capability that LoRA appears to lack. These results are shown in the
left-hand columns of Table 3.
Multi-task training strategies. Because Robotic Steering selects task-specific
heads, our approach naturally accommodates multiple strategies for multi-task
learning. We explore two complementary approaches. Non-overlapping head
selection trains each task on a distinct set of heads, where k-NN regression
independently selects the 20 most task-relevant heads for each individual task.
This allows tasks to specialize to their own optimal head subset. Joint head
selection uses a unified set of examples and activations from both tasks to
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Table 3: Generalization and Robustness. We compare Robotic Steering to
full-head LoRA in both single and multi-task settings. We also compare both methods’
generalization to unseen tasks and robustness to environmental variability. All methods
are finetuned on 20 demonstrations per task and evaluated on 40 trials. Results are
shown for π0.5 VLA model.

Task Generalization Task Robustness

Method Training Place
Marker

Place
Cube

Pick Mug Lighting Form Distractor
Object

Strategy in Mug in Bowl (Unseen) Variation Variation Variation

Single-Task Training (Place Marker in Mug only)

LoRA Single 62.5% 20% 42.5% 25% ↓37.5% 22.5% ↓40% 30% ↓32.5%

Robotic Steering Single 72.5% 25% 65% 47.5% ↓25% 37.5% ↓35% 40% ↓32.5%

Multi-Task Training (Place Marker + Place Cube)

LoRA Joint 37.5% 37.5% 0% 15% 12.5% 15%

Robotic Steering Non-
overlapping

45% 65% 12.5% 30% 17.5% 25%

Robotic Steering Joint
Selection

40% 47.5% 20% 22.5% 20% 27.5%

select a single set of 20 heads optimized for joint performance, enabling shared
representations across the task pair. Across both multi-task approaches, Robotic
Steering outperforms full-head LoRA consistently across both trained tasks
suggesting that Robotic Steering works well as a multi-task learning framework.
Please refer to the bottom left of Table 3 for these results.
Robustness to environmental variations. A critical concern in real-world
robotics is robustness to environmental changes that occur during deployment.
We evaluate both Robotic Steering and LoRA under three types of perturbations
to the Place Marker in Mug task: lighting variation, form variation (e.g. different
marker shapes), and the introduction of distractor objects. Importantly, Robotic
Steering demonstrates significantly greater robustness across all three conditions
compared to full-head LoRA. This suggests that task-specific sparse head selection
naturally filters out task-irrelevant features while preserving robust, task-critical
representations. This result is particularly exciting as it challenges a reasonable
assumption that sparse, task-specific parameter selection might be brittle; instead,
our approach demonstrates that mechanistic steering produces generalizable and
robust finetuning even under distributional shift. These findings are shown in
the right-hand columns of Table 3.
Generalization in Simulation. The real-robot experiments above demonstrate
Robotic Steering’s robustness to environmental variation and its ability to gener-
alize across tasks. To provide a reproducible simulation anchor for these findings,
we evaluate on the LIBERO-Plus benchmark [22], which augments the standard
LIBERO suite with object-layout and lighting perturbations at test time (Table 4).
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Table 4: Simulation Results on LIBERO-Long. We compare Robotic Steering
(RS) to full-head LoRA finetuning using the Long suite in the LIBERO-Plus benchmark,
which introduces environmental variation at evaluation time. Both finetuned methods
train on π0 using 20 demonstrations from Task 0 only . We evaluate within-task
robustness (Task 0 under varied conditions) and cross-task generalization (Tasks 1–9,
unseen during finetuning). Robotic Steering retains substantially more of π0’s zero-shot
capability than LoRA across both axes of evaluation.

Trained Unseen Tasks Average

Method 0 1 2 3 4 5 6 7 8 9 Unseen All

Object Layout Variation
π0 ZS 94.1 94.1 46.2 91.3 34.3 81.3 68.6 76.9 28.0 66.7 65.8 68.9
π0 + LoRA 41.2 91.2 65.4 78.3 8.6 66.7 65.7 53.8 8.0 23.1 51.1 50.0
π0 + RS 76.5 94.1 53.8 95.7 31.4 72.9 74.3 69.2 0.0 51.3 60.8 62.5

Lighting Variation
π0 ZS 92.3 100.0 81.0 87.8 78.8 100.0 90.3 100.0 8.3 84.2 80.1 80.7
π0 + LoRA 53.8 100.0 90.5 59.2 3.0 86.4 51.6 100.0 0.0 21.1 51.0 51.1
π0 + RS 92.3 100.0 73.8 89.8 78.8 90.9 77.4 100.0 0.0 55.3 72.0 73.0

Both methods finetune π0 on Task 0 under a single fixed setting; LIBERO-Plus
then evaluates under environmental conditions unseen during training, mirroring
the distributional shift we study on the real robot. The simulation results reinforce
the same pattern observed in hardware: LoRA overfits to the narrow training
distribution and degrades well below the original zero-shot performance, both on
the trained task and across all nine unseen tasks. Robotic Steering, by contrast,
retains far more of the pretrained model’s capability. Under lighting variation, for
instance, Robotic Steering preserves the full zero-shot accuracy on the trained
task while LoRA drops by nearly 40 percentage points; on unseen tasks, the gap
is equally pronounced. These results corroborate our real-robot findings at scale:
mechanistic steering adapts the policy without the catastrophic forgetting that
conventional finetuning induces, yielding robust transfer across both tasks and
environments. Refer to Table 4 for results.

Interpreting task-specific attention heads. To understand what our method
learns, we visualize the attention patterns of the top-selected heads for Place
Marker in Mug and Place Cube in Bowl in Figure 4. The visualizations confirm
that different tasks activate distinct sets of heads, consistent with the principle
of functional specificity in attention mechanisms. This interpretability can be a
fundamental advantage of Robotic Steering: unlike general adaptation methods,
we can directly inspect and understand which attention mechanisms are being
leveraged for each task. We encourage future works to explore the interpretability
of these task representations further. Visualizations of more tasks can be found
in Section A.3 of the Supplement.
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Fig. 4: Task and Attention Head Selection Visual. We show the selected heads
and task visuals for Robotic Steering on the Place Marker in Mug task (top) and the
Place Cube in Bowl task (bottom).

6 Conclusion

In this work, we introduce Robotic Steering, which demonstrates that few-shot
demonstrations can specify physically-grounded embodied tasks and help identify
which attention heads in VLAs encode task-relevant physical reasoning. By
selectively finetuning these heads, we match or exceed full LoRA performance
while using 96% fewer parameters, generalizing to unseen tasks, and being robust
to environmental variations. Our visualizations reveal that different manipulation
tasks activate distinct attention patterns, providing mechanistic insight into how
VLAs encode physical tasks.

This work opens exciting research directions at the intersection of mechanistic
interpretability and robotic learning. Future methods could explore alternative
head selection approaches beyond K-NN regression, investigate parameter-level
feature-selection approaches, and consider applications to long-horizon tasks.
More fundamentally, our results suggest that the question of “what to finetune"
deserves equal attention as “how to finetune", a shift that could transform how
we adapt foundation models for robotics. As VLAs scale to billions of parameters,
the ability to precisely identify and modify task-relevant components will become
essential for practical deployment across the wide variety of physical contexts
robots must learn to master.

We consider potential negative ethical impacts of our work. We note that the
ability to surgically modify specific model behaviors while leaving the rest of
the pretrained model intact could, in principle, be exploited to inject targeted
behavioral changes that are difficult to detect precisely because the model’s overall
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behavior remains largely unchanged. Nevertheless, we believe this same capability
is what makes mechanistic approaches uniquely promising: the ability to isolate
and inspect task-specific components opens the door to more interpretable and
controllable robotic foundation models, a direction we are excited to see pursued
in future work done by the community.

7 Limitations

We outline a few limitations of our work. Firstly, Robotic Steering requires
open-source access to the weights which may not be possible on closed-source
models. As such, it is impossible to directly apply our method for selecting
task-relevant attention heads. Secondly, although our approach is completely
embodiment agnostic, we evaluate on a single Franka Emika Panda robot arm
due to resource constraints. We encourage the application of our work to a wide
variety of embodiments, environments, and task types. Lastly, our interpretable
feature extraction focuses on attention heads of the LLM, when there can be
informative features in the other model components as well (e.g. action expert
features, visual encoder features, etc.). We are enthusiastic about future research
that further explores intersection of mechanistic interpretability and robotics.
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