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Abstract—Despite strong multi-task pretraining, existing poli-
cies often exhibit poor task steerability. For example, a robot may
fail to respond to a new instruction “put the bowl in the sink’ when
moving towards the oven, executing “close the oven”, even though
it can complete both tasks when executed separately. We propose
ReSteer, a framework to quantify and improve task steerability in
multitask robot policies. We conduct an exhaustive evaluation of
state-of-the-art policies, revealing a common lack of steerability.
We find that steerability is associated with limited overlap among
training task trajectory distributions, and introduce a proxy
metric to measure this overlap from policy behavior. Building on
this insight, ReSteer improves steerability via three components:
(i) a steerability estimator that identifies low-steerability states
without full-rollout evaluation, (ii) a steerable data generator
that synthesizes motion segments from these states, and (iii) a
self-refinement pipeline that improves policy steerability using
the generated data. In simulation on LIBERO, ReSteer improves
steerability by 11% over 18k rollouts. In real-world experiments,
we show that improved steerability is critical for interactive use,
enabling users to instruct robots to perform any task at any
time. We hope this work motivates further study on quantifying
steerability and data collection strategies for large robot policies.

I. INTRODUCTION

Language-conditioned multitask robot policies such as
Vision-Language-Action (VLA) models have emerged as
a promising paradigm for robotic control, unifying language-
specified goals and visual understanding. These policies use
language instructions as an intuitive and flexible task repre-
sentation, leveraging pretrained multimodal backbones [8]] to
encode grounded priors about the physical world. While these
models have demonstrated immense capability, fitting dozens
of tasks [3] 5], generalizing across new embodiments [} 4],
and unlocking different types of embodied reasoning [4} 9], a
key failure mode remains: steerability.

Steerability captures a policy’s ability to properly condition
on new task instructions in arbitrary states. Consider the
example in where we initially instruct the robot to
put the tea bag on the oven, then ask it to place it on the
countertop. Existing policies [}, 2, 4] tend to ignore the new
instruction and continue executing the original task, operating
as if they were conditioned on state alone. This deficit is
particularly problematic as it prevents users from issuing new
instructions during ongoing execution, severely restricting when
and where a robot can be meaningfully controlled.

In this work, we argue that a policy’s steerability is a function
of its training data distribution, with most existing datasets
exhibiting pathologies that encourage learned models to ignore
task conditioning. Concretely, existing datasets are collected
subject to the following recipe: we identify a set of tasks,

Initial task: Place the
teabag on the oven

Switch mid execution:
Put it on the countertop

Fig. 1. Daily manipulation is diverse and time-critical, and often requires
interruptible behavior, with users revising their intent after execution begins.
This demands interactive, steerable policies that can switch behaviors from
any intermediate state in response to a new task prompt. We propose ReSteer,
a framework to quantify and improve the steerability of multitask robot policies.

then collect demonstrations on each task independently. This
process yields data where language is only informative for
a small fraction of total task execution, leading to policies
that over-index on state information to dictate behavior, a
form of shortcut learning [10]. As an initial contribution, we
formalize this intuition via conditional mutual information
(CMI): given a dataset and learned policy, steerability can
be approximated by I(A; L|.S). In other words, incorporating
language prompts reduces the variance of the predicted action
distribution, indicating that instructions meaningfully constrain
action selection. Empirically, we validate our proxy metric
through experiments across multiple state-of-the-art VLAs,
showing a strong correlation between our proposed metric and
“steerable” success rate.

Motivated by this diagnosis, we argue that incorporating data
where the task instruction changes mid-execution—eliciting
corresponding behavioral switches—is critical for improving
the steerability of the learned policy. To this end, we introduce
ReSteer, a simple yet effective data generation framework that
comprises two stages: stage-aware steering data generation
and self-refinement. In stage-aware steering data generation,
for each switch from task A to task B, we (i) use CMI to
identify low-steerability states along task A rollouts, (ii) pick
a target state from task B, and (iii) synthesize a transition
trajectory between the two for training. While this first stage



introduces new task-switching trajectories, it does not always
guarantee reliable execution, and the steering success rate
can remain low. To address this gap, we subsequently apply
a self-refining behavioral cloning stage, where the policy is
iteratively deployed to collect rollouts and finetuned solely
on its own successful trajectories, thereby reinforcing in-
distribution steerability induced by the newly injected steering
data. By combining these two stages, ReSteer provides an
efficient way to expand the steerability coverage and make
steering behavior robust.

We evaluate ReSteer through comprehensive experiments
in both simulation and the real world. In simulation on the
LIBERO benchmark [11], we observe that baseline policies
exhibit limited steerability, with task switching feasible only
early in execution and substantial performance degradation as
the rollout progresses. In contrast, ReSteer achieves a 10%
absolute improvement in successfully steering among the 10
benchmark tasks from diverse intermediate states. These gains
indicate that ReSteer improves language steerability and makes
mid-execution task switching more reliable in practice. To
isolate the contribution of each component of ReSteer, we
perform controlled ablations to analyze how sampling strategy
and dataset size affect performance. Furthermore, we conduct
extensive real-world experiments in a daily kitchen scene, where
ReSteer improves steerability by 2.2x compared to a policy
fine-tuned only on teleoperation data. Lastly, we show that
ReSteer-enhanced policies can be chained to execute long-
horizon task sequences. For example, a user can instruct the
robot to switch from closing the oven to put the tea bag in the
drawer, and then switch to pick up a bowl afterward (see [Fig. §).
This flexibility enables more interactive and reactive robotic
assistants in real-world deployments. Across our experiments,
ReSteer improves steerability, enabling more reactive multitask
robot policies that better support human interaction. We argue
that quantifying and understanding steerability is important
for reliable policy deployment, and ReSteer offers a simple,
practical way to do so. We will release all code, data, and
models to reproduce our results.

II. RELATED WORK

A rich body of work studies learning multitask, language-
conditioned policies for robot control [12, [13]. While early
approaches typically focus on following a fixed, task-specific
instruction set, recent VLA policies are pretrained at scale and
can generalize zero-shot to a much broader range of natural-
language commands.

From Language Conditioning to Interactive Prompting.
Multitask policies such as BC-Z and RT-1/RT-X [5} [14} [15]]
demonstrate that large-scale language-conditioned policies can
solve many manipulation tasks from diverse instructions. More
recent works have targeted language following more directly.
Interleave-VLA [16] re-labels Open-X-Embodiment [[15] with
interleaved image—text instructions to improve grounding of
referring expressions. ChatVLA/ChatVLA-2 [17, |18] jointly
train a VLM head and an action head to retain open-world
reasoning while producing instruction-conditioned actions. In

interactive systems (e.g., Hi-Robot [19], Yell-at-your-robot [20],
Robix [21]]), a VLM decomposes high-level user requests into
short prompts for a downstream VLA. SwitchVLA [22] studies
switching by conditioning on execution context, but relies on
segmented phases and engineered behavior labels. CAST [23]
synthesizes counterfactual language for similar observations,
improving navigation instruction following by increasing
semantic diversity. Overall, these methods either presume
robust primitive instruction following or restrict switching
to predefined modes; in contrast, we measure and improve
language steerability under mid-episode prompt changes via
targeted data generation and self-refinement.

Steerability and Reasoning Beyond Language. Most existing
multitask approaches categorize control through two primary
lenses: latent-space manipulation and reasoning-based plan-
ning. Latent-space methods utilize pretrained language-driven
embeddings or internal latents [24} 25] to interpolate between
behaviors. While effective for representation transfer [26-28]],
these are often limited to predefined skill boundaries or treated
as static inputs. Parallel work [4] 9, 29| [30] in reasoning-
based planning augments policies with textual plans or spatial
traces to improve execution. However, both directions generally
assume a single fixed intent per rollout. Because they treat
language as a static episode-level input or restrict task updates
to predefined phase boundaries, they lack a mechanism for
high-frequency, user-driven redirection from arbitrary interme-
diate states. ReSteer addresses these drawbacks by treating
steerability as an instant, state-dependent interruption, enabling
a policy to remain interactive and responsive to intent changes
at any point during execution.

Our Perspective: Steerability of Multitask Policies. Later
work on reasoning, interactive prompting, counterfactual re-
labeling, task switching, and text-latent control improves
robustness and usability, but often assumes a single intent
per episode, limits updates to predefined phase boundaries, or
depends on external planners and engineered state machines. In
contrast, we target steerability: a policy should be interruptible
and re-steerable by language at any execution state, without
fixed task boundaries or hand-designed switching modes.
Accordingly, we treat language following as a state-dependent
property of the closed-loop policy and introduce evaluation
protocols and training mechanisms designed specifically for
this continuous notion of steerability.

III. QUANTIFYING STEERABILITY
A. Definitions

Consider an MDP with state space S, action space A, and
transition dynamics P. We assume a set of tasks & € K,
with corresponding language instruction lx. Let w(a | s,¥)
denote a language-conditioned policy that outputs an action
distribution given state s and instruction /. For a fixed
instruction / and initial state distribution p(sg), the closed-loop
execution of 7 induces a trajectory distribution p, (7 s) ,
P S0,00,81,01,...,5T |k , T = (so,a0,...,sT), where
Qg ~ 7T(' | St, lk)



We focus on pretrained policies that already exhibit stronlye further de nebidirectional steerabilityas:
multitask performance under xed instructions. Ug{ ) 2 ssteer () ssteer( ) | g steer( ). %
f0; 1g denote the task- success indicator, and de ne the i$ ] roTit i '

success probability from stateas Steerability Coverage Ratio (SCR).While bidirectional

P, (s) , Pr ()=1 (1) steerability characterizes whether instruction switching is
P (iso=sil) possible at a given state, we seek a policy-level metric that
We assume an imitation learning setting, where expdyanti es how broadly such steering behavior is supported
demonstrations are collected under instructipnyielding tra- across the policy's feasible state space.
jectoriesf ()gl% with N, demos. We construct the imitation We de ne thesteerability coverage ratio (SCR9r a task
dataset as the collggtion of stgje-action pairs along the recordédr (i;j ) and policy  as

trajectoriesDy (sﬁi);aﬁi)) S I 1.Let K sis$§e?r( )
i=1;N ;=0T 1 . i$ —urion T -
denote the empirical distribution over states visited in the SCRis () . S () 8)

expert demonstrations of tagk We assume the existence of

thresholds 2 (0;1) and 2 [0: 1) such that The denominator represents the full set of states at which

the policy can successfully execute at least one of the two
Pr Py (s) 1 8k 2K (2) tasks, and therefore remains xed under steerability-improving
Sk training. A higher SCR indicates that the policy can respond to
This assumption ensures that the policy is competent at exetatk changes across a broader range of states during execution.
ing tasks from in-distribution states, and that failures observ
under mid-execution instruction changes are attributable
limited steerability rather than poor single-task execution.

ata Dependence of Steerability.ln standard multitask
gtasets, each trajectory is executed under a single xed
instruction. LetD denote the training dataset, and lg}
State Visitation Sets.Given a policy and taskk, we de ne denote the policy obtained after training @ Such data
the policy-induced state visitation ses the set of states fromprimarily determines the set of states from which the trained
which the policy can successfully complete taskvith high policy can successfully execute at least one task. Formally,

probability: the dataset induces thmion of task visitation setsnder the
n o trained policy:
S() ., s2S P(s) ; @) i
‘ “ Si" (o), Si(o)[Si(o) 9)

whereP, (s) denotes the task-success probability of policy 5 ever, becaus® contains only single-instruction tra-
when initialized from stats, and 2 (0;1) is the SUCCESS jeciories; it provides no instruction-contrasting supervision at
threshold de ned previously. the same underlying state. As a result, althoS§f°" ( p)

Union of Task Visitation Sets.For a task paii:j 2K and may be large, the bidirectionally steerable Sgf5( p) can

policy , we de ne theunion of task visitation setas remain small, leading to poor steerability coverage.
' Improving steerability therefore requires augmentihgvith
S (), Si()[S(): (4) steering datathat explicitly injects paired supervision at shared

A states belongs toSi‘;‘jnion () if the policy can successfully ?Tﬁgt:%?r:??;i)c-:f ;1 (;rr?;e(ly,.g)(jr)él _S)talva\]’ivceh aecid ;:gqﬁée;

completeat least oneof the two tasks when initialized from _ . ot ol Sl ), W P

s under the corresponding instruction. The uniiifion ( ) actions should differ under the two instructions at the same state.
. . g . This instruction-contrasting augmentation enables the policy to

characterizes overall task feasibility, while the intersectign N . . .

Siner () identi es states where both tasks are individuall earn task-dependent switching behavior under mid-execution

L . . %rompt changes, thereby expandi®g®'( p).

achievable and where steering between tasks is well-de ned. ' =

Steerable StatesFor a task paifi;j ) and policy , we rst B. Evaluation of Stee.r.ablllty . - )

de ne directional steerability A states 2 S is said to be 10 evaluate steerability, we quantify the ability of a policy to

steerable from task to taskj if, when the policy is executing COmplete any target task (specied by prompt;) from any

taski and the language instruction is switchedltcat state trained states from task. A rollout is marked as successful

s, the policy can still complete tagk with high probability. if the policy, when conditioned on the provided new prompt

Formally, de ne the post-switch success probability lj, completes '_[he corresponding tzﬁkaccordin_g_ to the task's
success metric. To evaluate policy steerability at each task,
P j(s) Pr i()=1": (5) we sample different timesteps to switch different task prompts
p (iso=silj) . . .
during policy execution. At each sampled state, we prompt
We calls steerable tg if P, ;(s) . The set of directionally the policy with all task prompts from the dataset. In our
steerable states froimto j is experiment, we test each (state, prompt) pair with 10 rollouts
n o (nrepeat = 10) to account for policy stochasticity. The whole

ST'() ., s2Si P (s) : (6) evaluation requiress (N 1) j kij Nyepear NUMber of



IV. RESTEER: A DATA-CENTRIC FRAMEWORK FOR
REFINING STEERABILITY

To improve the steerability coverage ratio (SCR), we show
in the previous section that additional data is necessary. We
therefore proposdreSteera framework that progressively
expands the steerable set through targeted data generation
and policy re nement.

As illustrated in Fig. 4, ReSteer rst performs stage-
aware steering data generation, which introduces instruction-
contrasting transitions at compatible execution states. This
expands the steerable sei?}eff( ) and increases the portion
of feasible states where task switching is possible. However,
exhaustively generating steering data for all task pairs and
states is prohibitive, requirin®(n?k;n,) rollouts, wheren is
the number of taskg; denotes the number of states visited
under taski, andn; is the number of rollout trials per state. To
address thisReSteeleverages conditional mutual information
(CMI) between action and language as a principled signal
to identify states with low language—action coupling, where

Fig. 2. Steerability evaluation. We run an original taskhen at sampled steering _data _IS most neede_d' . . .
timestepst we switch the language prompt to a target tasind measure  Following this,ReSteempplies self-re ning behavior cloning
whether the policy completgsfrom that state. Repeating this over all sample{SRBC) to netune the policy on its own successful steering
e 1 0L e Yl 5 estally il (Ueget 550, W52 ollouts. AS shown in Fig. 4 (Righ),this re nement enlarges
the steerable region within the same feasible state space, further

. increasing SCR by strengthening in-distribution steering.
rollouts, wherek; is the number of sampled states to steer from g y g g 9

at a certain originally executing task. Even though expensive,A. SteerGen: Stage-Aware Steering Data Generation
it provides a precise and exhaustive way to quantify steerabllltyprior work mitigates poor language steering through coun-

"’Il?d dire(_:tly matches the ‘?'e nitiohn of Ste.erab“i;ybWehus?erfactual data generatio3], but has primarily been demon-
this metric to compare against other proxies and benchmaf, e i navigation settings and does not directly extend

different multitask policies. to long-horizon, contact-rich manipulation. Inspired by recent
data-generation pipeline8%, 33], we instead exploit task-stage
ructure to synthesize cross-task steering motions.stage-

Using steerability evaluation, we analyze state-of-the-aatvare procedure (i) segments demonstrations into semantic
VLA policies and reveal state-dependent failures to resposthges; (i) samples a start state from a source task and selects
to instruction changes, motivating targeted data generatiarstage-matched end state from a target task by minimizing a
We quantify steerability for representative open-source VLshortest-path cost that favors short, smooth transitions; and (iii)
models: .5 [1], OpenVLA-OFT [31], and MolmoACT H]. For generates a feasible interpolation segment via motion planning.
each model, we evaluate steerability by switching the languageStage-aware segmentatioinWe assume a pick-and-place
instruction mid-execution while keeping the environment statask structure and assign each stt® one of three semantic
in-distribution, yielding a controlledn-distribution steering stages:
setting. Because we focus on cross-task steering within a shared (s) 2 f pre-grasptransportplacey (10)
scene, we use LIBERO-Goal as the benchmark, a commonl ) ) ) o
used small-scale multi-task dataset. Although all three VLA¥ere is a stage-labeling function. In practicejs computed
achieve saturated single-task performance on LIBERO-G&®INg Simple kinematic and contact cues, including end-effector—
(over 90% success rate), none exhibits reliable cross-taSRi€ct distance, gripper opening, and object support height. The
steering under prompt switches, as shown in I. This reve&l@9€ label (s) is precomputed for each demonstration state.
a lack ofin-domainsteerability in current VLAs, consistent | N€S€ labels restrict steering to stage-consistent regions (e.g.,
with policies that over t to single-task behaviors despite higR"®-9rasp! — pre-grasp across .tgsks), simplifying trajectory
nominal success. synthesis and improving feasibility.

Shortest-path end-state selectiorsteering data consists of

C. Case Study: Evaluating the Steerability of Multitask Polici

OpenVLA-OFT  MolmoACT 0:5 instruction-contrasting supervision at the same execution state,

Steerability Score 0.252 0.295 0.403  i.e., paired samples; |;; a”) and(s;l; ; al)) that specify how
TABLE | actions should change when the task instruction is switched.

VLA S STEERABILITY COMPARISON ONLIBERO. To obtain such data, we connect a statérom a source-

task trajectory to a compatible stasd from a target-task



Fig. 3. We propose an online learning framework to improve the steerability of multitask policies. The framework comprises three components. First, we
propose a CMI-based state sampling strategy that prioritizes data collection at the most unsteerable states, improving the sample ef ciency of data generation.
Second, we introduce a stage-aware steering data generation pipeline that synthesizes cross-task steerim\;iagﬂop(bnss(ask ,), thereby expanding the

steerable state§i5;e‘]?’ . Third, we develop a self-re ning behavior cloning (SRBC) scheme that netunes the policy using successful steered trajectories given
different instructiond and consequently increases steerability coverage &GiRis j ( ).

steerability. At a xed states, the CMI is de ned as
I(A;LjS=s) = HAjS=s) H(AjS=s;L) (11)

which quanti es the reduction in action uncertainty when the

a4l on of th biliy i torded by ReSteer. L fitnstruction is known.
ig. 4. lllustration of the steerability improvement afforded by ReSteer. Left: . . _ . .

the bidirectionally steerable s&F¢" (green) occupies only a small subset Intumvely, H.(A j S = ) captures the diversity of

of the policy-induced feasible stat& andS; . Middle: stage-aware steering actions the policy may produce from the same state across

data generationg?" and S7*") introduces instruction-contrasting transitionsdifferent instructions, whileH (A j S = s;L) measures how

expanding the steerable region. Right: self-re ning behavior cloning (SRB%)eterministically the policy behaves under a xed instruction

further enlarges steerability within the same feasible state space. 7 ’
A large CMI indicates that language strongly modulates

. . , . the action distribution at statg re ecting high steerability.
demonstration, after which execution follows the original targ?fonversely low CMI implies weak language—action coupling

roIIon_Jt. This p_ro_ducesafeasible steering trajectory that providpecVealingl states where instruction switches are unlikely to
taSk.j supervision at stats. 0 , induce meaningful behavioral change.

Given a Stagt §tate and target task ", we E'Ck a stage-  Thegretical Link: CMI as a Proxy for SCR To evaluate
matched stats” with the same stage labe(s") = (s) from steerability without the computational burden of rollouts, we
target-task demonstrations such that the interpolation §0nM,;,plish that CMI serves asnecessary conditionfor the

0
to s7Is ghorte;t. ) . , . Steerability Coverage Ratio (SCR). For a task p@ir ),
Steering trajectory generationA steering trajectory consists ihe cMI at states is equivalent to the Jensen—Shannon (JS)

ofa sk:)ort transition from the source stateo the selected target i ergence between instruction-conditioned action distributions:
states”, followed by execution under the target instruction

We instantiate this transition using simple linear interpolation. lij (8)=3S( (isiLi)k (JsiLj)) (12)
On the physical system, the robot is reset g0 tracks

the interpolation segment using a low-level controller, ar%y applylng Pinskers Inequality we can I_ower-bounq this
then executes the policy conditioned ba from s° onward. information by the squared Total Variation (TV) distance.

Successful executions are recorded as steering transitions aﬁlﬁjm'ng a steerable state must exhibit a minimum behavioral

e o o e e " such thatTv( i; j) ", we obtain:
stisﬂtsejer( ) =) Ii;j (s) i where = %"2 (13)

B. Mutual-information-based Steering Trajectory Sampling
\]}his indicates that states with; (s) < are effectively

As the number of tasks and execution horizon grow, ion-blind” and K switching. L
exhaustively evaluating steerability and generating steeri %structlon— Ind” and cannot support task switching. Let

fotri H nion H
trajectories at all states becomes computationally infeasi note a reference distribution lt))l\&:':] h ( )H B;é(t:allglrjg the
Moreover, steerability is highly non-uniform across the sta pegtaélcgn or:/es b ,b\{\ll'e es;cta Ish t a? t eh. h CI\I/ISI upper—.
space: only a subset of states consistently fail to respond jinded by the probability of encountering high- states:

instruction changes. We therefore focus data collection on SCRis;( ) Pr 1 (s) (14)
low-SCRregions, prioritizing states where the policy is least !
responsive to language. This relationship justi es CMI as @ollout-free proxyfor iden-

Since direct rollout-based evaluation at every state is itifying low-steerability regions without environment simulation.
practical, we introduceonditional mutual informatiofCMI) For the complete formal proof and further technical details,
between language and action as an ef cient of ine proxy foplease refer to the Supplementary Material.



Fig. 5. Evaluating Steerability on LIBERO-Goal. For each source task (x-axis), we sample intermediate execution states and measure the average success
rate of switching to each of the other nine target tasks under the corresponding language promfRé¢Stegrachieves the highest steerability across all ten
tasks and consistently outperforms strong baselines such as CAST [23], demonstrating the effectiveness of our two-stage data generation pipeline.

CMI-Guided State Prioritization To operationalize the
CMI de ned in Eg. 11, we estimate the entropy terms using
Gaussian kernel density estimation (KDBY]. For a state
s, the conditional entrop}‘? (Aj s; 1) is computed from the
empirical policy densityp(aj s;;1):

. 1 X i
BAsi)= o logha jsil)  (15)
ij
i) Fig. 6. To evaluate CMI as a proxy for steerability, we track CMI and

where g~ are action samples drawn from the policy. Theteerability scores across training checkpoints. As shown in left gure, CMI is
positively correlated with steerability, with particularly consistent trends within

marginalized entrop}‘? (A ] st) is estimated by aggregatinga single model family (the o:5 variants). Motivated by this relationship, we
these samples across the ket use CMI to prioritize low-steerability states for data collection and ne-tuning.
We use the resulting CMI to identify “instruction-blind” re-Empirically, MI-guided sampling yields higher sample ef ciency than uniform
. . . . f . random sampling.
gions where the policy fails to differentiate behavior. Each state
s in the bufferB is assigned a weight/(s) / g(p(A; Ljs),
where the shaping functiog is chosen to prioritize low- ) ] )
steerability (low-CMI) states. We then sample start states for'We test the following hypotheses to illustrate the effective-
new rollouts proportional to these weights. This mechanisi§ss of the proposed metrics and evaluation on steerability, as

allows us to trigger targeted steering rollootsline during col- Well as how our methods improve the steerability.

V. SIMULATION EXPERIMENTS

lection or curate high-dif culty statesfine before netuning. H1: Stage-aware data augmentation increases overlap
between task state distributions, leading to improved in-
C. Self-Re ning Behavioral Cloning domain steerability across tasks.

While stage-aware data generation increases task overlap by H2: CMI serves as an effective proxy for steerability,
injecting new transitions, we observe that the resulting policy  réducing the need for exhaustive rollout-based evaluation.
often fails to fully utilize these regions, leading to inconsistent ~ 13: CMI-guided state sampling improves the sample
task-switching. As illustrated in Fig. 4, while the rst stage  ©f ciéncy of steering data generation.

expands the feasible intersection of tasks, the policy-induced H4: SRBC improves the success rate of steerable behav-
steerable seSse( ) may still only occupy a small portion iors, bridging the gap between induced steerability from
of this region. ! dataset overlap and realized steerability at execution time.

To close this gap and maximize the steerability coverage Setup

ratio (SCR), we propos&elf-Re ning Behavioral Cloning Dataset We perform experiments with the LIBERO-Goal
(SRBC). Starting from the initial netuned policy, we collectS tup 11]. LIBERO-Goal provides a single-scene environment
roII_outs i_nvolving task switc_hing :_:md retain only the SU.CCGSSf%Entaining versatile multi-task language labels, offering a
trajectoriesDsuco We hen iteratively netune .th.e POI'Cy N controlled setting that is well-suited for evaluating steerability
the augmented datasBt D[D  succ by minimizing: across tasks. We use.s5 as a base model and netune it based
- _ i on different settings.

Lec( )= Eayp [ log (ajo)] (16) BaselinesWe compare ReSteer against two representative
By reinforcing only successful steering behaviors, SRBRultitask visuomotor learning approaches:Qiffusion Policy
“sharpens” the policy's response to instruction changes, ensur{i) [35], which we adapt for multitask control using FiLM-
that the theoretical steerability provided by the generated détased instruction conditioning; and (IQAST [23], a data-
is reliably realized in practice. augmentation baseline that improves instruction following by



low CMI states. We compare this CMI-guided strategy against
random sampling, which selects task pdia$ b) uniformly
at random and uses the corresponding steering trajectories for
training. We rst collect50 short steering motion segments for
each task pair by uniformly sampling from all task trajectories.
Using a single rollout per task pair, we then estimate CMI for
candidate states and construct two training sets of equal size:
(i) a low-CMI subset obtained by down-sampling the segments
with the smallest CMI, and (ii) a randomly down-sampled
subset. Figure 6 (right) shows that CMI-guided sampling yields
more consistent improvements in steerability as the dataset
scales, indicating higher sample ef ciency. In contrast, random
sampling exhibits substantially higher variance.
H4: SRBC sharpens the success rate of steerable tasks
We hypothesize that reinforcing the policy on its osutcessful
steering executions will increase robustness and thus improve
Fig. 7. We conduct a case study on task steering fRarsh the Plate to the Overa” steerability. We . eval_uatSeIf-Re ning Behavioral
Froi]t 6f the Stové Put the Bowl on the PlateThe prompt is switched at Cloning (SRBC), which iteratively collects successful task-
the indicated timestep, with representative LIBERO environment states shogwitching rollouts and netunes the policy on these trajectories.

at select timesteps. SteerGen and ReSteer consistently outperform all basqiip(f:igure 5, we report steerability for (i) the basgs policy
methods, with particularly strong gains at later timestep switches. ReSteerd - ,f Il pipeli h with and with tSRBC K .
further improves upon SteerGen by sharpening the policy in regions whé&@Bd (if) our full pipeline, each with and withou » KeepIng

SteerGen cannot consistently complete the task. all other components xed. SRBC consistently improves
steerability in both settings: it yields a robust gain fars
and a further gain when added to our method, achieving the
pairing existing observations with counterfactual languagfighest overall success rate. The improvement is consistent
labels. To ensure a fair comparison, we implement a CASiross tasks, indicating that SRBC provides a general, reliable
style variant using our stage-aware generator, extracting initisdost to steerability rather than a task-speci ¢ effect.
action snippets from generated steering motions to augment
the training set with instruction-contrasting supervision. VI. REAL-WORLD EXPERIMENTS

B. Results We conduct real-world experiments L_Jsing the DRO][
platform and the ¢.5 DROID checkpoint. The scene is a
H1: Stage-aware data augmentation improves steerability kitchen-style setup designed to re ect everyday use. It contains
between tasks.Figure 5 shows that ne-tuning on our augan oven, a countertop shelf, a plate, and a bowl, enabling

mented data improves steerability By8%, indicating that the myitiple manipulation tasks and within-episode task switching.
resulting policy responds more reliably to language instructions

across intermediate execution states than the baseline. We &lsdrask Design and Data Collection
observe that the CAST variant increases steerability; howeverg|eqperated DemonstrationsWe construct four different
becagse it doeg not 'proylde complete trajectories to realize inEnipuIation tasks based on the kitchen setup:
steering behaviors, it still underperforms ReSteer.
H2: Conditional Mutual Information is a good proxy
to re ect steerability. We evaluate the validity of CMI as
a rollout-free proxy .by examining its cprreia’uon with the the tea bag, and close the drawer.
ground-truth steerability score. As shown in Fig. 6, we observe k .
a strong positive correlatiorr € 0:74) across diverse model Close oven:grasp the oven door and close it
architectures and data augmentation strategies. This tr&M@ curate the netuning datasets by teleoperating the robot
is even more pronounced within specic model familiesand collecting a dataset of expert trajectories.
for instance, the o.5 variants exhibit a Pearson correlation ReStreerData Generation. Speci cally, we sample states
exceeding0:9. These results empirically validate that CMffrom the same motion stage across different demonstrations
effectively captures a policy's sensitivity to instruction change8nd generate steering motions between those states. Due to
which matches our theory. This high correlation justi es usinsgem'wOrld ef ciency constraints, we do not run SRBC in our
CMI as a principled signal to identify "instruction-blind” stateg?ardware experiments.
and prioritize them for targeted data collection, signi cantly TO illustrate howReStreerenables more interactive manipu-
improving Sampie ef Ciency over uniform Sampling_ |ati0n W|th multitask pOliCieS, we design a |Ong-h0ri20n taSk
H3: MI-based sampling scheme improves the sample Sequences composed of the tasks described above, with mid-
ef ciency for data generation. Instead of augmenting statesexecution task steering:
uniformly along each rollout, we concentrate data generation onl) Close oven. After closing, steer to (from Place stage):

Place bowl on shelf:grasp the bowl, put it on the shelf.
Place bowl in sink: grasp the bowl, put it in the sink.
Store tea bag in drawer: open the yellow drawer, grasp



Fig. 8. In an example with four single tasks and three steering scenarios, ReSteer (bottom row) successfully switches to the requested next task upon user
instruction, whereas the baseline (top row) exhibits failure modes such as getting stuck or continuing the original task (keep grasping the tea bag, put the bowl
to the shelf instead of sink) despite the new prompt.

Test Case 0:5 0:5-FT  0.5-ReSteer
Single-task success (%)
t1-close the oven 0 100 80
t2-put tea bag in drawer 4 60 70
t3-put white bowl on the shelf 20 100 100
t4-put white bowl in the sink 60 100 100
Steering success (%)
Pregrasp tl! t3 100 0 80
Pregraspt3! tl1 0 40 100
Pregraspt2! t3 0 20 100
Transport t3! t4 20 80 80
Placetl! t2 0 60 60
TABLE Il

SUCCESS RATES FOR SINGLETASK EXECUTION AND PREGRASPINGSTAGE
STEERING ACROSS THREE METHODS

Fig. 9. We evaluate policies on the DROID platform across four single-
task evaluations and three steering scenarios. In-domain teleoperation data
improves single-task success over the baseline, but yields limited steerabimaintaining high single-task pro ciency (85%)_ Table |l reveals

gscls(oggzra;ztr,n?:nsct:er achieve®2 higher steerability while preserving smgle-that the mO.S'F signi cant improvements_, occur duripggrasp-
stage transitionssuch as3! t1 (white bowl on shelf!

close oven) and2 ! t3 (tea bag in drawel white bowl

6n shelf), whereReSteeachieves 100% success compared to

the baseline's 40% and 20%. These peak gains suggest that

ReSteersuccessfully addresses high-con ict decision points

where the robot must break its commitment to an initial object

to re-orient toward a new goal.

2) Put the tea bag in the yellow drawer. After opening th
drawer, steer to (from Pregrasp stage):

3) Put the white bowl in the sink. After picking up the bowl
steer to (from Transport stage):

4) Put the white bowl to the countertop shelf.

B. Results VII. DiIscussSION& CONCLUSION

We evaluateReSteenn the DROID platform across four ~Limitations. Even though we provide a detailed and thor-
manipulation tasks to determine if it can resolve the steerabil@¢gh analysis on steerability of VLA in a same test scene setting
failures observed in state-of-the-art policies. As illustratednd illustrate how data distribution affects the steerability of
in Fig. 9, while standard teleoperation netuningoi-FT) the model. Such analysis is costly to run in real-world and test
saturates single-task success at 90%, it yields only margi#ggder different scenarios.
improvements in steerability (33%) compared to the 7% of the Future Works. A promising direction isonline interactive
zero-shot baseline. This indicates a “specialization patholoﬂ?ami”g during deployment, the robot can accept natural-
where the model over-indexes on state information to complé@guage corrections and use Mi-style signals to decide when
a task, effectively ignoring mid-execution instruction change®.query the user, log corrective segments, and prioritize updates
In contrast,ReSteerachieves a 73% steering success rate@D low-steerability states. To keep this practical and safe, we
a 22 improvement over the netuned baseline—whilgVill study lightweight on-robot adaptation.
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