RobolIRS: Inference-Time Intervention on Robot Policies with

Internal Representation Steering Vectors

Abstract—Vision-language-action (VLA) and world-action
models (WAMs) often degrade under out-of-distribution task
variations despite retaining partial task capability. To recover
such capability, we propose RoboIRS, an inference-time internal
representation steering method that uses successful and failed
rollouts to train linear classifiers, select outcome-relevant in-
tervention locations, and derive task-specific steering directions
without updating policy parameters. On 15 simulation tasks
with a frozen 7 5 policy, RoboIRS improves the average success
rate from 44.4% to 66.2%, outperforming alternative inference-
time intervention baselines while adding little inference time. We
further validate RoboIRS on real-robot manipulation using the
same 7.5 policy and demonstrate its applicability to a world-
action model Cosmos Policy, where the average success rate
improves from 35.4% to 55.4%. These results show that directly
steering internal robot-policy representations can improve the
performance of robot policies at inference time.

I. INTRODUCTION

Vision-language-action (VLA) models and world-action
models (WAMs) have recently emerged as promising archi-
tectures for robotic manipulation by integrating visual per-
ception, language-conditioned task understanding, and action
generation with future prediction in a unified policy. However,
their performance often degrades on out-of-distribution (OOD)
inputs, such as unseen scenes, novel object layouts, and new
object appearances [1], [2]. Importantly, this degradation does
not necessarily imply complete incapability: a policy may still
succeed on a subset of these OOD tasks, albeit at a lower
success rate. This suggests that the policy may retain some
of the internal computations required for successful execution
even when its behavior becomes unreliable.

A similar phenomenon has already been observed in LLMs,
which may produce both truthful and untruthful responses
despite being queried under similar conditions. This inconsis-
tency suggests that the model may already contain internal
representations associated with the desired behavior, even
when they are not reliably expressed in its outputs [3]. Recent
progress in mechanistic interpretability and activation steering
for large language models provides evidence that internal
representations can be causally manipulated to alter model
behavior. Here, internal representations refer to intermediate
output that encode information during model computation;
in transformer-based models, these may include residual-
stream activations passed between layers, as well as activations
associated with individual neurons, attention heads, or other
localized model components [4]. Prior work has shown that
high-level behaviors such as truthfulness, refusal, sentiment,
and task execution can be localized in hidden representations
and modified through activation-space interventions. Li et
al. [3] steer LLMs toward truthful answers by intervening on
truth-related activations, while Turner et al. [5] and Rimsky et
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Fig. 1: Real-robot setup under visual distribution shift (top)
and baseline comparison (bottom).

al. [6] show that contrastive activation directions can control
generation behavior without retraining the model. Zou et
al. [7] frame such methods as representation engineering,
where internal activations are treated as controllable objects
for modifying model behavior.

Motivated by the findings in LLM, can we similarly steer
the internal representations of a robot policy at inference
time to improve its performance on OOD tasks? Recent work
has already extended mechanistic interpretability to vision-
language-action (VLA) models. Grant et al. [8] and Swann
et al. [9] use sparse autoencoders to identify interpretable



residual-stream features associated with robot behaviors, but
do not demonstrate how these features can improve down-
stream policy performance. Hédon et al. [10] and Buurmeijer
et al. [11] go further by intervening on internal representations
to steer behaviors such as motion speed and end-effector
height; however, their evaluations are limited to a small set
of predefined behavioral attributes rather than general task
performance. Hong et al. [12] instead use an LQR controller
to steer the diffusion transformer’s hidden activations such
that the resulting activations lead to robust robot behaviors
and require constructed contrastive residual-stream pairs from
matched nominal and perturbed observations to provide target
activation levels.

In this work, we aim to improve the performance of a frozen
robot policy under distribution shift through inference-time
steering of its internal representations. Rather than retrain-
ing the policy, we use these outcome-labeled activations to
identify representations associated with successful and failed
rollouts and intervene on the policy at inference time using
a steering vector. The goal is to bias an already capable but
unreliable policy toward internal states that are more predictive
of successful action selection. Inspired by [3], we first train
a linear classifier to classify the internal representations and
then use the classifier weight as steering vectors to change
the internal representations such that the predicted actions
are more favorable of successful rollouts. We evaluate the
proposed approach on two representative robot policies: the
vision-language-action model 7y 5 [13] and the world-action
model Cosmos Policy [14]. We conduct experiments in both
simulation and real-world robotic settings to assess whether
inference-time internal representation steering improves task
success rates under distribution shift.

The main contributions of this work are as follows.

e We propose RoboIRS, which adapts the internal
representation-steering paradigm from LLMs to robot
policies and enables inference-time intervention on frozen
policies using steering vectors derived from the internal
representations of successful and failed rollouts.

« We conduct simulation and real-robot experiments show-
ing that RoboIRS improves the average SR of a fully
trained g 5 policy under distribution shift from 44.4% to
66.2%, outperforms alternative inference-time interven-
tion baselines, improves real-robot manipulation perfor-
mance, and is also effective on Cosmos Policy despite its
different training recipe and model architecture, increas-
ing the average SR from 35.4% to 55.4%.

II. RELATED WORK
A. Mechanistic Interpretability and Steering in LLMs

Mechanistic interpretability increasingly studies how high-
level concepts are represented in neural activations and
whether these representations can be causally manipulated [4],
[15]. Many intervention methods build on the observation that
properties such as truthfulness and sentiment can be repre-
sented by linear directions or low-dimensional subspaces [16],
[17], [18]. Activation-steering methods exploit this struc-
ture by constructing directions from contrastive examples

or demonstrations and injecting them into hidden states to
control behavior without retraining [5], [6], [19], [20]. Such
interventions have been applied to truthfulness, hallucination,
and refusal behavior [3], [21], [22], [23].

B. Mechanistic Interpretability and Internal Representation
Steering of Robot Policy Models

Recent robotics work has begun to apply mechanistic in-
terpretability techniques to characterize the internal represen-
tations of VLA policies, with several studies further showing
that the discovered features can serve as causal handles for
behavior steering. Khan et al. [24] use sparse autoencoders
to identify action-related latent directions from contrastive
action pairs and show that these directions can be manipulated
to steer VLA action outputs without retraining. Grant et
al. [8] conduct a cross-architecture mechanistic study using
activation injection, sparse autoencoders, and linear probes to
analyze how visual, language, and action-generation pathways
contribute to VLA behavior. Swann et al. [9] use sparse
autoencoders to identify interpretable features in VLA hid-
den states, distinguishing transferable motion primitives from
episode-specific memorization, and causally validate selected
features through steering experiments.

Several VLA papers move from feature discovery to explicit
control of robot behaviors. Buurmeijer et al. [11] formalize
feature observability and controllability in VLA models and
use lightweight linear interventions to steer encoded features
during closed-loop execution. Hédon et al. [10] identify sparse
semantic directions in transformer activations and use those
directions to control policy behavior without retraining. Mitra
et al. [25] identify task-relevant attention heads and selectively
update them, framing policy adaptation as targeted modifica-
tion of relevant internal mechanisms. Hong et al. [12] take a
control-based approach to representation steering, construct-
ing contrastive directions from paired nominal and perturbed
inputs and using them to define robustness-relevant latent fea-
ture subspaces and target feature setpoints. RoboIRS instead
derives its intervention directly from successful and failed
rollouts without requiring matched nominal and perturbed
observation pairs.

C. Inference-Time Intervention of Robot Policies

Another line of work improves robot policies at inference
time through action selection or generative guidance. V-
GPS [26] samples actions from a frozen policy and re-ranks
them with an offline-RL value function, while RoboMon-
key [27], MG-Select [28], and RoVer [29] select or refine VLA
action candidates using learned verifiers, intrinsic confidence,
or process rewards. Related methods intervene directly during
action generation: value-guided diffusion [30] biases diffusion
trajectories with value gradients. Guided Action Flow [31]
keeps the VLA frozen and uses gradients from a critic trained
on successful and failed rollouts to steer flow-matching action
generation toward higher-return actions. PPGuide [32] trains a
performance predictor and uses its guidance signal to steer pre-
trained diffusion policies away from predicted failure modes
during inference.
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Fig. 2: Overview of the proposed RobolRS framework. (a) RobolRS intervenes between transformer blocks by adding a
scaled steering vector to the selected residual-stream representation without updating the policy parameters. (b) To construct
the steering vector, residual-stream representations are collected from successful and failed rollouts and used to train a linear
classifier. The classifier weight provides the steering direction that is injected into the residual stream during inference.

ITI. PROPOSED APPROACH
A. Model Architecture and Internal Representation Definitions

To explain how steering is applied to internal represen-
tations, we first briefly describe the model architecture and
define the notation used throughout this section. Since 7 5 is
the primary VLA model used in our experiments, we use it
as a running example, although the formulation should apply
more generally to transformer-based robot policies.

The mp.5 VLA consists of a pretrained PaliGemma vision-
language backbone and a smaller transformer-based action
expert. The action expert, whose internal representations we
steer, contains L = 18 transformer layers. Actions are gener-
ated using flow matching. At each environment timestep ¢, the
policy starts from a noisy action chunk and iteratively refines it
over N denoising steps. Let X ,, € RTa*da denote the noisy
action chunk at denoising step n, where 7T}, is the action-chunk
length and d,, is the dimensionality of one robot action. Each
row Xy, ; € R therefore corresponds to the j-th action in
the chunk.

The action expert projects the action chunk into its hidden
dimension d, producing 7, action tokens represented by
Ro:n € R7axd For my5, d = 1024. These tokens are
processed through the L transformer blocks while conditioned
on the VLM context, after which the action expert predicts the
flow velocity used to update the action chunk.

Let Ry € RT=xd denote the residual stream entering
transformer layer ¢. Omitting ¢ and n for clarity, each trans-
former block updates the residual stream as

R, = Ry + Attention(Norm(Ry)), (1)
followed by

R/i1 = R) + MLP(Norm(RY})) . (2)

The representation of action token j is denoted by ry ¢, ; €
R4, corresponding to the j-th row of Ry . These token-level
residual-stream representations are the intervention sites used
for steering.

B. Steering Vector

Data Collection. Constructing the steering vectors requires
residual streams from both successful and failed rollouts. For
rollout ¢ with T; environment timesteps, we record Ryz ,, for
every timestep ¢, transformer layer ¢, and denoising sfep n.
The resulting activation tensor is R() € RTi*LxNxTaxd
For example, a 30-step rollout with m 5 produces a tensor of
shape (30,18, 10,10, 1024), corresponding to 30 environment
timesteps, 18 transformer layers, 10 denoising steps, 10 action
tokens, and a hidden dimension of 1024.

We collect up to 10 successful and 10 failed rollouts per task
to reduce underdetermination when fitting the linear classifier
while keeping data-collection cost manageable. For tasks with
very high or very low success rates, fewer examples of the
minority outcome may be collected to avoid an excessive
number of rollouts.

Contrastive Difference as Steering Vector. Inspired by
representation-steering methods for LLMs [6], [3], we con-
sider two approaches for constructing steering vectors. The
first uses the mean contrastive difference between residual
representations from successful and failed rollouts. For each
layer ¢, denoising step m, and action-token position j, we
compute
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where Dy and Dy denote the sets of timestep samples from
successful and failed rollouts, respectively. Each steering vec-
tor vy, ; € RY therefore corresponds to a specific transformer
layer, denoising step, and action-token position.

Linear Classifier Weight as Steering Vector. The second
approach uses the weight of a linear classifier as the steering
direction, following analogous approaches in LLMs [3]. For
each task, transformer layer, and action-token position, we
train a linear classifier to distinguish success-like from failure-
like residual streams. The residual stream’s label from each
timestep is binary: all timesteps of successful rollouts are 0,
and a failed rollout’s timesteps become 1 from the first step
where its end-effector leaves the space swept by the successful
trajectories.

The failure classifier is defined as

Ply=1|x)=c(w'x+b), 4)

where y = 1 denotes failure, w € R4 is the classifier weight,
and b € R is the bias. We use w as the corresponding steering
direction. Thus, each layer—token pair has its own classifier
and steering vector. Although this requires training multiple
classifiers per task, both the classifiers and datasets are small;
in our experiments, all classifiers can be trained in under three
minutes using multiple CPUs.

As noted in [8], linear probes trained on residual streams
from the action expert achieve high area under the ROC curve
(AUC) for predicting task success. Consistent with this finding,
our classifiers also achieve good AUC when distinguishing
representations from successful and failed rollouts. The aver-
age validation AUC is 0.88 for all trained classifiers.

C. Intervention

One limitation of using the mean contrastive difference
alone is that it does not indicate which action-token position
or transformer layer should be steered. One could perform
a sweep over intervention sites and intervention strength, as
in [6], to identify the most effective place for intervention.
Such sweeps are relatively inexpensive for LLMs, where per-
formance can often be evaluated with a single question—answer
interaction. In robotics, however, each candidate typically
requires multi-step policy inferences, making an exhaustive
search over intervention sites prohibitively expensive. Instead,
we use the linear classifier’s AUC on held-out validation
rollouts to select the steering location. From the collected
successful and failed rollouts, we reserve a subset from each
outcome as validation data and use the remaining rollouts for
classifier training. For each layer ¢, we select the action-token
position with the highest failure-detection AUC to steer. This
choice is further explained in Section IV-B.

Once the steering location is determined, the selected resid-
ual stream at an action token is modified as

N |
steered = ' + S v,

1ol se{-1,+1}, (5)

where o > 0 controls the steering strength and s determines
the steering direction. Since the residual-stream magnitude
varies across layers, we scale the intervention by ‘I‘Isl‘l‘ so that
the steering strength is proportional to the magnitude of the
residual stream at each layer.

The sign of the intervention is selected empirically rather
than assuming that the steering vector is to pull residual
streams from failure-relevant space to success-relevant space.
The linear representation hypothesis [16] suggests that high-
level concepts can be represented as directions in a model’s
representation space. From this view, we interpret v as a task-
relevant latent direction rather than a direction pointing from
failure relevant latent space to success relevant spaces. We hy-
pothesize that successful behavior may require an appropriate
level of the latent factor encoded by v. For a task in which
this factor is under-activated, steering along +v may improve
performance, whereas a task in which it is over-activated
may benefit from —v. We therefore first evaluate one steering
sign and test the opposite sign only when the sign shows a
monotonic performance decrease as shown in Fig. 3, avoiding
twice the rollout cost for every task. Importantly, a linearly
discriminative direction need not be a causal intervention
direction [16]. Therefore, particularly for the classifier-derived
vectors, the direction may encode information that is predictive
but not causally useful to change robot behaviors.

IV. RESULTS AND ANALYSIS

We structure our experiments around the following ques-
tions:

e QI: Does steering the internal representations improve
task success rates in both simulation and on the real-robot
experiment?

¢ Q2: Does the proposed approach outperform alternative
inference time intervention methods?

e Q3: Can the proposed framework be extended from a
VLA model to a world action model?

Success rate (SR) is used as the primary evaluation metric.
We use LIBERO-PRO [1] as our primary simulation bench-
mark, as it evaluates generalization to unseen task variations
introduced through changes in object layout and appearance,
background scene, and task instructions. For steering experi-
ments, we use the 7y 5 VLA model fine-tuned on the original
LIBERO dataset [33], which does not contain demonstrations
corresponding to the perturbations introduced in LIBERO-
PRO.

A. Effectiveness of Internal Representation Steering

Q1: Does steering the internal representations improve
task success rates in both simulation and the real world?

We first evaluate the proposed method using the g 5 policy
on LIBERO-PRO. We select 15 LIBERO-PRO tasks for which
the unsteered policy achieves a non-saturated success rate
between approximately 10% and 85%. This ensures that both
successful and failed rollouts are available for identifying
outcome-relevant internal representations. Table I reports the
success rate of each task with and without steering. The Suite
column denotes the original LIBERO task suite together with
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Fig. 3: Steering strength vs. SR from a few tasks to show
the typical patterns: monotonic increase/decrease; increase at
moderate strengths before degrading at larger strengths.

the LIBERO-PRO perturbation type, where env changes the
environment or background scene and swap changes object
positions to create an unseen layout. Although LIBERO-
PRO also includes perturbations such as changes to object
appearance and task instructions, we exclude those settings
because the g5 policy either fails almost completely or
already achieves nearly 100% success, leaving little room to
evaluate steering effectiveness.

For my5, we apply steering only at the final denoising
step and select the action-token position with the high-
est validation AUC within each transformer layer, as de-
tailed in Section IV-B. We sweep each task on a =
[0.03,0.05,0.10,0.15,0.20] for 20 rollouts on one random
seed to identify the best steering strength and then use the best
steering strength for evaluation for 150 rollouts across another
3 random seeds. In Fig. 3, we show how the SR changes along
with different steering strength from a few representative tasks.

Overall, steering improves the average success rate from
44.4% to 66.2% on LIBERO-PRO tasks, corresponding to a
gain of 21.8 percentage points. Among the 15 evaluated tasks,
12 tasks (80%) improve after steering, and all 12 satisfy the
criterion that the steered mean SR exceeds the unsteered mean
SR plus one standard deviation. The remaining three tasks
do not show a clear improvement in mean SR: L5 and L12
decrease slightly, while L8 remains unchanged. However, the
decreases for L5 and L12 remain within the standard-deviation
range of the unsteered performance, suggesting that steering
does not cause a substantial degradation on these tasks.

We additionally evaluate RobolIRS on two real-robot manip-
ulation tasks, as illustrated in Fig. 1. In both tasks, RoboIRS
improves the SR of a 7y 5 policy fine-tuned on demonstrations
collected under clean-background conditions and evaluated
under visually shifted settings.

B. Comparison with Other Baselines and Ablation Studies

Q2: Does the proposed approach outperform alternative
inference-time intervention methods?

We compare the proposed approach against other inference-
time intervention baselines: contrastive activation addition

TABLE 1I: Success rates (%) of unsteered and steered g 5.
Bold indicates improvements larger than one unsteered stan-
dard deviation for LIBERO-PRO. The Sign column denotes
the steering direction s. Parentheses in the real-robot rows
denote successes/total trials.

ID Suite Task Unsteered Steered  Sign

120+ 7.2 34.0+2.0 —1
32.7+1.2 96.7+ 3.1 —1
72.0+£7.2 89.3+23 -1
17.3+3.1 68.0+2.0 +1
70.0£4.0 66.7+£9.9 +1
59.3+1.2 71.3+1.2 —1
80.7+ 1.2 95.3 £2.3 —1
84.7+5.0 84.7+23 -1
19.3+1.2 72.7+4.6 +1
L10 obj_swap Alphabet soup to basket 39.3£4.6 90.0+2.0 +1
L11 obj_swap Butter to basket 32.0+£5.3 43.3+2.3 +1
L12 spatial_env Bowl between plate/ramekin to plate 40.7 £4.2 36.7 £4.2 —1
L13 spatial_env Bowl in top drawer to plate 25.3+£6.1 34.0+3.5 +1
L14 spatial_env Bowl next to plate to plate 58.7+4.2 76.7 +3.1 —1
L15 spatial_env Bowl next to ramekin to plate 22.0+£4.0 33.3+5.8 —1

L1 goal_env
L2 goal_env

Open top drawer; put bowl inside
Put bowl on plate

L3 goal_env Put bowl on cabinet

L4 goal_env Put wine bottle on cabinet

L5 goal_swap Put bowl on plate

L6 object_env Alphabet soup to basket

L7 object_env BBQ sauce to basket

L8 object_env Ketchup to basket

L9 object_env Milk to basket

LIBERO-PRO avg. 44.4 +4.0 66.2 + 3.4

H1 env Disassemble RAM from 24.0 (12/50) 44.0 (22/50) +1
motherboard
H2 env Pull out USB connector 12.0 (6/50) 32.0 (16/50) +1

Real-robot avg. 18.0 38.0

TABLE II: Ablation study over steering denoise steps, vectors,
and locations, ordered by average SR.

Steering Strategy Avg. SR (%)
One Random Direction 44.0
Unsteered 44.4
Worst Token per Layer 52.7
Highest-AUC Layer 54.3
Random Token per Layer CAA 56.5
Random Token per Layer 57.3
All Denoise Steps 59.3
Highest-AUC Token per Layer 66.2

(CAA) [6], sample and re-rank (Re-rank), and gradient guid-
ance on the flow velocity (Grad.).

This CAA baseline constructs the steering vector using
the difference between the residual streams of a selected
token from successful and failed rollouts. For a controlled
comparison, the CAA baseline uses the same successful and
failed rollout data and intervenes at the same model positions.
Steering strengths are selected using the same validation
protocol.

Following the same candidate generation and selection
paradigm as prior sample and re-rank methods [26], [28], [27],
we implement a re-ranking baseline for our setting. At each
inference step, the observation is replicated across a batch
of size k, so that a shared forward pass through the vision
encoder and multimodal prefix produces k candidate action
chunks that differ only in their flow-matching noise. Each
candidate is scored by a learned linear classifier estimating its
likelihood of leading to successful execution, and the highest-
scoring candidate is executed. We evaluate K € {8,16} and
report K = 16, which achieves the higher average SR.

Following the same classifier-guided inference paradigm as
prior gradient-guidance methods [31], we train a two-logit



classifier for each task to estimate P(success | s,a) using
the mean-pooled PaliGemma layer-17 prefix s and flattened
action chunk a. At inference, the policy remains frozen and
only the flow velocity is modified. At each Euler step, we
compute a clean-action estimate a = x; — t v, then the flow
velocity is modified as

[[oe]]

it ©
where d o V,log P(success | s,a). The negative sign
is because mg 5 integrates the flow backward in time
(dt < 0) for the corresponding Euler position update
moves in the V,log P(success) direction. We sweep a €
{0.02,0.05,0.1,0.2} and use the best value of each task for
evaluation.

Table III reports the task-level comparison on the simulation
benchmark. Again, each baseline is evaluated on each task for
a total of 150 rollouts covering 3 random seeds. As shown
in Table III, classifier-based steering (RoboIRS) achieves the
highest average success rate of 66.2%, improving over the
unsteered policy by 21.8 percentage points and outperforming
other baselines. This improvement also incurs little additional
inference cost in comparison with re-rank which increases the
average inference time to 1074.86 ms, approximately 8 times
that of other methods. Re-ranking outperforms RobolRS on
7 of 15 tasks by an average margin of 9.7 percentage points,
whereas RobolRS outperforms re-ranking on the remaining
8 tasks by a substantially larger average margin of 22.7
percentage points. Gradient guidance barely helps in our case
because it’s found that the classifier relies primarily on the
encoded state, producing weak action-space gradients. For
completeness, computing the guidance gradient with an action-
only classifier yields an average SR of 43.5%. In contrast, our
method remains effective with a simple linear classifier and
does not require carefully designed gradient functions.

In addition, we conduct an ablation study to evaluate
whether steering the highest-AUC action token in each trans-
former layer is beneficial for the 7 5 model. We compare three
intervention strategies: steering all action tokens in the single
layer with the highest AUC at the final denoising step, steering
the highest-AUC token in each layer across all denoising steps,
and steering only the highest-AUC token in each layer at
the final denoising step. As shown in Table II, steering the
highest-AUC token in each layer only at the final denoising
step achieves the best overall performance for mg 5.

We also compare classifier-based steering with CAA applied
using randomly selected action tokens. Although CAA can
outperform probe-based steering on a few individual tasks, its
average SR is lower when the intervention token is not selected
using the classifier AUC, indicating that the AUC-based to-
ken selection could help. Besides, a random-direction control
performs near the unsteered baseline, further supporting the
importance of the classifier-derived steering direction.

Vguided = V¢ — P (failure | s, @)

C. Extension to a World Action Model

Q3: Can the proposed framework be extended to a world
action model?

TABLE III: Comparison of task-level success rates (%) and
average inference time among baselines and RoboIRS. Highest
number is marked bold. The Win Margin rows report the
average SR difference over the subset of tasks where either
the corresponding baseline or RoboIRS performs better, with
the number of winning tasks shown in parentheses.

ID Unsteered Grad. Re-rank (K=16) CAA Ours
L1 12.0 12.7 44.7 34.0 34.0
L2 32.7 30.7 74.0 68.7 96.7
L3 72.0 58.7 79.3 75.3 89.3
L4 17.3 19.3 51.3 94.0 68.0
L5 70.0 63.3 70.7 85.3 66.7
L6 59.3 56.7 79.3 66.0 71.3
L7 80.7 83.3 98.7 95.3 95.3
L8 84.7 80.0 92.0 82.0 84.7
L9 19.3 20.7 32.0 16.0 72.7
L10 39.3 433 31.3 75.3 90.0
L11 32.0 34.7 21.3 59.3 433
L12 40.7 433 64.0 48.0 36.7
L13 253 29.3 32.0 36.0 34.0
L14 58.7 58.0 68.0 75.3 76.7
L15 22.0 20.7 40.7 28.7 333
Avg. SR 44.4 43.6 58.6 62.6 66.2
Win Margin (Baseline) 3.7 (2/15) 6.6 (1/15) 9.7 (7/15) 14.8 (5/15) -

Win Margin (Ours) 27.8 (12/15) 24.6 (14/15) 22.7 (8/15) 159 (8/15) -

Avg. Inference Time(ms) 134.0 137.9 1074.9 136.3 136.4
TABLE 1IV: Task-level success rates of the unsteered and

steered Cosmos Policy. Improvements larger than one un-
steered standard deviation are marked bold.

ID Suite Task Unsteered Steered

C1 goal_object Put bowl on top of cabinet 36.7+£10.0 92.2+5.1

C2 goal_swap Open top drawer and put bowl 16.74+3.3 14.4+5.1
inside

C3 object_env Pick up alphabet soup and place in 17.8 £1.9 30.0 £ 3.3
basket

C4  object_env Pick up ketchup and place in 17.84+1.9 24.4+3.8
basket

C5 spatial_swap Pick up black bowl next to plate 62.2+3.8 97.8+1.9
and place on plate

C6 goal_object Open top drawer and put bowl 1224+19 27.8+6.9
inside

C7 object_env Pick up BBQ sauce and place in 789+6.9 844+5.1
basket

C8 object_object  Pick up alphabet soup and place in 41.1 £5.1 72.2+1.9
basket

Macro average 354 554

To determine whether the method is specific to the internal
representations of 7 5 policy, we additionally apply it to Cos-
mos Policy [14] which has a different model architecture (DiT)
and a different training recipe. Eight tasks with unsaturated
SR in LIBERO-PRO is selected for evaluation. We sweep
the each task on « = [0.05,0.10,0.15,0.30] for 10 rollouts
on one random seed to identify the best steering strength per
task. Then evaluate on a total of 90 rollouts over 3 random
seeds. As shown in Table IV, steering improves the macro-
average success rate of Cosmos Policy from 35.4% to 55.4%.
Among the eight evaluated tasks, six achieve meaningfully
higher success rates after steering.

However, Cosmos Policy differs substantially from 7 5 in
its action-generation mechanism. It does not use a separate
action expert. Instead, it repeatedly tiles an action chunk into
a latent frame and generates that frame with the video diffusion
transformer. The action is decoded by averaging these repeated
representations. In the LIBERO-PRO configuration, the action



frame contains 196 tokens. Steering a single token therefore
affects only a small part of the action latent. We instead steer
all 196 action-frame tokens in the final transformer block.
The corresponding classifier is instead trained on mean-pooled
residual streams over the 196 tokens. Because the classifier
is trained in normalized residual-stream space, there are two
choices of steering vector w/o and w © o. Interpreting w
as the classifier normal gives w /o, which corresponds to the
gradient of the classifier score with respect to the raw residual.
Alternatively, interpreting w as a displacement direction in
normalized representation space gives w(® o after mapping the
displacement back to the raw residual coordinates. Empirically,
for Cosmos Policy, w/o performs better on tasks CI-C5,
whereas w © o performs better on C6—C8. Overall, these
results show that RobolRS transfers beyond 7 5 to a policy
with a different architecture and training recipe, while requir-
ing architecture-specific choices for classifier and intervention
sites.

D. Observations and Analysis

In this subsection, we share a few observations and analysis
by answering the following questions.

How do residual-stream representations change before
and after steering? Steering tends to make the residual repre-
sentations more locally concentrated for most tasks, although
this effect is not consistent across all tasks. We visualize the
residual streams from unsteered and steered rollouts using t-
SNE [34]. As shown in Fig. 4(a), for the strongly improved
L10 task, the steered residuals form tighter local clusters
while remaining globally distributed over a similar region as
the unsteered residuals. In Fig. 4(b), however, some steered
residuals from failed L8 rollouts appear in regions occupied
by successful rollouts but not by unsteered failed rollouts, even
though steering does not improve the task-level SR. This might
suggest that a direction predictive of success and failure may
recover some success-like residual representations without
necessarily providing a causally effective steering direction for
improving task SR.

What types of failure modes are corrected by steering?
We observe two broad categories of failure modes, consistent
with the failure taxonomy discussed in Sentinel [35]. The first
is dominated by decision-making errors, including L3, L6,
L9, L10, L11, L14, and L15, where the policy often makes
an incorrect high-level choice despite relatively accurate low-
level execution. For example, in L10, the unsteered policy
frequently selects butter instead of alphabet soup after the
object-position swap, whereas the steered policy usually se-
lects the correct object. Across these tasks, RoboIRS improves
the average SR by 24.9%.

The second category is dominated by action-precision er-
rors, including L1, L2, L4, L5, L7, L8, L12, and L13. Typical
failures include inaccurate grasps that cause objects to slip,
repeated unsuccessful execution leading to timeout, or the
gripper becoming stuck on the drawer handle during opening.
For these tasks, the average SR improves by 19.1%.

For the three tasks where steering does not improve perfor-
mance, the corresponding classifiers also have lower validation
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Fig. 4: t-SNE visualization of the last-layer’s residuals. Each
panel compares residual representations from unsteered and
steered policies separately for successful and failed rollouts.

AUCs: 0.701 for L5, 0.827 for L8, and 0.820 for L12,
compared with an average AUC of 0.90 across the selected
steering locations for all tasks.

Can a steering direction transfer across perturbations
of the same task? Not necessarily, transfer appears to depend
on whether the perturbations induce similar failure reasons.
For “Put the bowl on the plate,” transferring the L2 steering
vector to L5 improves SR from 62% to 86% on the same
evaluation seed. Both tasks commonly fail by grasping the
bowl inaccurately. In contrast, transferring the L10 vector to
L6 for “Pick up the alphabet soup and place it in the basket”
reduces SR to 46%. In L10, the robot mainly confuses alphabet
soup with butter, whereas it confuses it with salad dressing in
L6, suggesting that the learned directions may encode different
failure-specific concepts.

V. CONCLUSION AND LIMITATIONS

Conclusion. We propose RobolRS, an inference-time
representation-steering method that uses successful and failed
rollouts to identify and manipulate outcome-relevant internal
representations without updating policy parameters. RoboIRS
improves mg 5 performance on LIBERO-PRO from 44.4% to
66.2%, also improves real-robot manipulation, and transfers
to Cosmos Policy, where success rate increases from 35.4%
to 55.4%. These results show that internal representations of
frozen robot policies can be directly steered to improve task
performance at inference time.



Limitations. The proposed method may be less effective
on tasks where successful and failed rollouts do not exhibit
clear differences in their actions, making it difficult to label
and train a classifier. Our experiments are also limited to
a small number of VLA and WAM policy architectures, as
the primary goal of this work is to investigate the feasibility
of transferring representation-steering techniques from LLMs
to robotic policies. Different model architectures may encode
task-relevant information differently and may therefore require
different intervention locations, steering vectors, or steering
strategies. Finally, like related representation-steering methods
for LLMs, RobolRS requires empirical selection of hyperpa-
rameters such as steering strength, introducing additional cost
before deployment.
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