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Fig. 1: We propose Steerable Policies: vision-language-action models that can robustly follow a wide range of detailed
commands (green boxes on right), going beyond usual task language to include instructions such as motions or pixel coordinates
of the gripper and objects. The flexibility afforded by Steerable Policies enables substantially improved transfer of VLMs’
pretrained reasoning, semantic knowledge, and in-context learning skills to generalist robotic control in hierarchical systems.

Abstract—Pretrained vision-language models (VLMs) can
make semantic and visual inferences across diverse settings,
providing valuable common-sense priors for robotic control.
However, effectively grounding this knowledge in robot behaviors
remains an open challenge. Prior methods often employ a hierar-
chical approach where VLMs reason over high-level commands
to be executed by separate low-level policies, e.g., vision-language-
action models (VLAs). The interface between VLMs and VLAs is
usually natural language task instructions, which fundamentally
limits how much VLM reasoning can steer low-level behavior.
We thus introduce Steerable Policies: VLAs trained on rich
synthetic commands at various levels of abstraction, like subtasks,
motions, and grounded pixel coordinates. By improving low-
level controllability, Steerable Policies can unlock pretrained
knowledge in VLMs, enabling improved task generalization. We
demonstrate this benefit by controlling our Steerable Policies
with both a learned high-level embodied reasoner and an off-
the-shelf VLM prompted to reason over command abstractions
via in-context learning. Across extensive real-world manipulation
experiments, these two novel methods outperform prior embodied
reasoning VLAs and VLM-based hierarchical baselines, including
on challenging generalization and long-horizon tasks.

Website: steerable-policies.github.io

I. INTRODUCTION

A long-standing goal of robotics is to develop generalist
policies that can follow open-ended commands to perform a
wide range of tasks. As scaling robot data collection remains
expensive, this motivates the use of pretrained foundation
vision-language models (VLMs) as a source of semantic and
perceptual knowledge. Prior works often employ a hierarchy,

where a high-level VLM reasons over task instructions and is-
sues commands to a separate, language-conditioned low-level
policy [1, 2]. However, effectively bringing VLM capabilities
to bear for solving general robotics tasks is challenging, as
doing so requires grounding their pretrained knowledge in
robot behaviors. This raises a fundamental question: how can
we best unlock and leverage the generalization capabilities of
pretrained foundation models for robotics?

We posit that a major bottleneck in transferring these
capabilities is insufficient policy steerability. Put simply, no
matter how good a VLM is at determining robot behaviors
needed for solving tasks, its reasoning abilities are wasted
if the robot’s policy cannot execute them. For example, the
VLM might infer that an object needs to be grasped in a
particular location, but this inference is only useful if the
policy can understand commands specifying that location.
Even powerful policies, such as vision-language-action models
(VLA), have limited ability to follow diverse commands due
to dataset limitations, where labels are often too formulaic,
homogeneous, and imprecise to specify the full range of
behaviors needed for solving new tasks [3]. These drawbacks
make standard task-level language derived from dataset labels
a poor interface for VLMs to control robot policies.

One insight is that steerability can be improved by augment-
ing existing datasets with more detailed synthetic language.
Robot datasets already implicitly contain rich semantics, inter-
actions, and behaviors, far beyond what is described in their
sparse task labels. For example, a policy which learns to “wipe
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the table with the towel on the left” tacitly learns what towels
look like, how to grasp them, and how to move left — all of
which can be used for other tasks, like “hang the towel on the
hook.” Training on more descriptive commands could help the
policy in flexibly invoking these skills for solving new tasks.

However, naively densifying task descriptions is insufficient
for generalization and composition. For example, expanding
the descriptions of existing behaviors would struggle to teach
the policy the names of fundamentally out-of-distribution
objects. Still, the policy may be able to grasp these novel
objects, due to their physical similarity to objects the policy
has learned to interact with. A generalizable way to induce
these behaviors is by prompting with grounded features, like
pixel coordinates, as they can specify behaviors and concepts
that are otherwise difficult to communicate to the policy (e.g.,
"grasp at <novel object’s position>"). Not only are
grounded features easily extracted for training, but modern
VLMs are also trained to output them, thereby allowing these
VLMs to transfer their pretrained knowledge to robotics.

We thus introduce Steerable Policies: robotic foundation
models that follow a much wider range of commands than
standard VLAs. Beyond typical “task-level” commands (e.g.,
"put the carrot in the pot"”), we train VLAs to
accept more detailed inputs, such as subtasks ("reach for
the carrot”) or low-level atomic motions ("move left
and close the gripper”). We also include commands
with grounded features, such as gripper traces ("move along
[€1,vy1], [T2,y2],...") or points ("grasp the object at
[z,y]"). Finally, we include prompts that compose all these
modalities ("move right from [z1,y1] to put the mushroom
on the plate at [za,y2]"). These steering commands are
synthetically generated by a scalable pipeline that automati-
cally parses and labels robot data. See Fig. | for more.

Compared to past hierarchical methods [1], Steerable Poli-
cies vastly expand the interface between low-level robot
behaviors and high-level VLM skills, allowing high-level
reasoners to flexibly choose instructions at the right level of
abstraction for generalization and compositionality. We show
this by proposing and evaluating two ways for VLMs to
control our Steerable Policies, instantiated on a real-world
Bridge WidowX setup [4, 5]. First, we show that VLMs can
be fine-tuned into effective high-level models for instructing
Steerable Policies by producing chain-of-thought reasonings
(CoT [6, 7]) followed by steering commands. This outperforms
past reasoning VLAs [8, 9], indicating that it makes especially
good use of embodied reasoning data. Second, we show how
Steerable Policies can better apply the in-context learning
skills of API-based off-the-shelf VLMs. We find that these
VLMs can apply in-context learning over past observations
and commands to further improve robot behaviors by choosing
commands of the correct level of abstraction. This is a novel
functionality afforded by our Steerable Policies, which leads
to significant performance gains over standard baselines.

In summary, we show that improving VLA steerability is
critical to facilitate transfer of VLM capabilities to robotics.
We do this by introducing (1) Steerable Policies: VLAs that

can be prompted at many levels of abstraction to perform
diverse manipulation skills — a paradigm which is agnostic to
VLA architecture, as we demonstrate by instantiating Steerable
Policies with two popular VLA frameworks (OpenVLA and
mo.5 [10, 11]); and (2) novel methods for using VLMs’
embodied reasoning and in-context learning to hierarchically
control our VLA to solve challenging tasks. We demonstrate
that the steerability of low-level VLAs significantly improves
the use of high-level VLMs’ pretrained capabilities, resulting
in better robot generalization.

II. RELATED WORKS

Vision-language-action models. As in vision and language,
robotics has moved towards using large foundation mod-
els [12]. A popular method is to fine-tune general VLMs into
vision-language-action policies (VLAs) [13, 10], transferring
the base VLM’s comprehensive pretrained representations to
learn robot tasks from demonstrations. Prior works explore
many variations of this recipe, such as altering action repre-
sentations [13, 10, 1416, 11, 17] or training VLAs to perform
embodied reasoning [8, 9, 18]. Our approach differs from
such works in that we aim to improve policy steerability
via augmentation of language prompts, with the end goal
of making better use of foundation model capabilities in
hierarchical approaches.

Training for steerability. Past works often improve policy
steerability by training on synthetic language labels that are
more diverse [19], detailed [20, 21], or composable [22, 23].
They can also be trained on non-text steering modalities, like
gripper traces [24, 25] or visual marks [26].

In contrast, our method trains on many input types, rather
than finding a one-size-fits-all steering modality. Additionally,
all our steering commands are expressed in text tokens,
allowing our VLA to interface with generative VLMs more
easily than other models trained on many prompt modalities,
such as OmniVLA [27]. Similar to our method, MolmoAct
trains on standard text with gripper trace CoTs, enabling
inference-time steering via two modalities (changing either
the trace or the language) [28]. However, unlike our work,
they limit language steering to task-level prompts only (no
other abstractions, like subtasks, motions, or points, as we
use). Additionally, MolmoAct’s gripper trace steering can only
be used in conjunction with text commands, which can be
a drawback when text introduces adverse biases (e.g., if the
policy systematically misidentifies an object by name). This
disadvantage is not shared by our policy.

In summary, the core novelty of our Steerable Policies is
that they accept steering commands spanning a spectrum of
abstractions, not just one or two, as MolmoAct and other prior
works do. In particular, giving high-level VLMs the flexibility
to choose how to steer the low-level VLAs is necessary
for improved generalization. We find in Sec. that this
is critical for performance, as the effectiveness of different
steering abstractions depends heavily on the task setting.

Synthetic data for model controllability. Our method of
training policies on synthetic language parallels a trend in text-
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Fig. 2: The hierarchical policy inference loop, where a high-
level model sends commands to the low-level Steerable Policy.

to-image generation: while image corpora often contain the
diversity needed for detailed image generation, the accompa-
nying captions are too imprecise for fine-grained text control-
lability, necessitating detailed synthetic labels [29]. Similarly,
our core insight is that robot datasets already contain diverse
behaviors, but their text labels are too sparse, biased, and
succinct to induce desirable actions for novel tasks. While
steerability in the image domain is valuable for aligning with
user preferences, we aim to make VLAs more steerable to
better interface with high-level policies, enabling improved use
of their pretrained capabilities for solving new control tasks.

Hierarchical robot learning. One way to improve general-
ization is to hierarchically decompose robot tasks into atomic
skills [30]. These techniques broadly divide action prediction
into (1) fast and reactive control and (2) slow and methodical
reasoning or planning, akin to the System I and II model of
human cognition [31]. In robot learning, these methods either
are trained end-to-end (e.g., policies with an intermediate
“chain-of-thought reasoning” [8, 11, 28, 32]) or, as we focus
on in Sec. V, are factorized into separate models [1, 33, 2, 24].

Several works use off-the-shelf VLMs as the high-level
policy [1, 34—41], while others finetune them to improve their
alignment with a given domain or low-level policy [33, 42—
44, 24, 28, 45, 46]. However, these works usually select a
single modality to interface between high and low levels, such
as subtask-level language prompts [1, 36, 37, 44, 45, 39, 35,
38, 43, 46] or grounded representations [24, 28].

Steerable Policies enable a fundamentally new capability
absent from these works: the ability to reason about and choose
which abstraction to use for steering VLAs. This not only
yields high performance (Sec. ), but also provides novel
ways to apply broad VLM capabilities — scene understanding,
reasoning, and in-context learning — to robotics (Sec. ).
Of course, non-steerable VLAs only accept a single type of
(usually text) prompt, and do not reap the same benefits.

III. PRELIMINARIES

Vision-language-action models. Given task prompt [ and
observations o (e.g., proprioception and images), behavioral
cloning (BC) learns a policy m(alo,l) that solves tasks by
matching the behavior distribution of expert demonstrators.
Vision-language-action models are pretrained vision-language
models fine-tuned into 7. Our Steerable Policy (Sec. IV) is a
VLA, though trained to accept diverse steering modalities.

Hierarchical policies. One way to improve the general-
ization of learned policies is with hierarchical methods. This
factorizes robot instruction-following into two steps: first, a
high-level policy takes the overall task [ and observation o
to output an appropriate intermediate subtask, plan, or goal
g; then, the low-level policy samples actions a conditioned
on g and o. This is the framework we adopt (Fig. 2): our
Steerable Policy acts as the low-level controller (where g are
steering commands), while we explore the novel high-level
policy capabilities they enable in Sec.

IV. STEERABLE VISION-LANGUAGE-ACTION POLICIES

We now introduce Steerable Policies. We propose train-
ing VLAs on steering commands that span many abstrac-
tions, such as subtasks, motions, or grounded coordinates
(Sec. ). After generating them at scale (Sec. ), these
prompts randomly replace the standard task-level labels used
for BC. Training on steering commands yields a policy that
can execute diverse compositional skills when prompted via
a range of modalities (Sec. ), in contrast to past works
that use single steering inputs [24, 25, 22]. This section
solely focuses on training low-level Steerable Policies; then,
in Sec. V, we discuss how to use these VLAs with high-level
VLM policies that perform embodied reasoning or in-context
learning to choose appropriate steering commands.

A. Styles of Steering Commands

To obtain VLAs that can exhibit diverse behavior when
instructed with a wide range of abstractions, we train on a
diverse mix of different steering command styles, satisfying
several desiderata: commands should be (1) versatile for
inducing a range of generalizable behaviors for solving novel
tasks; (2) conducive to being issued by human operators,
high-level reasoners, and in-context learning VLMs; and (3)
scalable for synthetic labeling — i.e., they can be automatically
generated from robot trajectories by using foundation models.
The categories of steering commands that we train on are as
follows (see Fig. | and App. A for more examples):

1) Tasks: The default labels used for training VLAs. They
allow Steerable Policies to also solve tasks that standard
VLAs can. E.g., "put the carrot in the pot”.

2) Subtasks: These help compose existing semantic skills for
novel tasks. E.g., "reach for the carrot”.

3) Atomic motions: These let the VLA follow granular move-
ments in language, without referencing the semantic con-
tents of the scene. E.g., "move left” or "open gripper”.

4) Gripper traces: These provide a list of pixels for the gripper
to follow. E.g., "move from [z1,y1] to [x2,y2]".

5) Points: These indicate positions of objects or locations of
interest. E.g., "1ift above <pot position>" or "grasp
at <carrot position>". This is subtly distinct from
gripper trace commands, as pointing does not necessarily
indicate the exact pixels the gripper must move to, merely
visual positions relevant to the task.

6) Combinations: Hybrids of these styles. E.g., "move left
from [z,y] to the carrot at <carrot position>".



(1) Annotate robot trajectories with embodied reasoning features and subtasks.

Gemini

Task: “Put the carrot on the towel
- Subtask Decomposition:

1. reach for carrot

2. firmly grasp carrot

3. 1lift above towel

4. drop carrot on towel

(3) Generate rationalizations to
explain the steering commands

(2) Generate diverse steering commands for
all subtasks

Generate steering commands using:

Rationalize why these commands
task | motions | gripper coords | bboxes

are good for each subtask start ‘

System Prompt

iReason about:
i1.The scene. :
i2.How to progress i
i the task.

i3.The abstraction

i to prompt the
robot with.

- Emb. Reasoner & |- In-context Learning VLM B

Reach for carrot:

- Go right to the carrot

- Reach for the carrot at
<carrot bbox>

- Move right and down

- Go from [x1 y1l, [x2 y2]
[xs ys]

Firmly grasp carrot:

Task: put the carrot on the towel.

The robot isn’t holding anything, so
it should reach for the carrot.

The carrot is on the table, down and
to the right of the robot.

2 It thus should move right.

i1.The toothbrush isn’t on the towel.

i2.The robot must move to the toothbrush

§3.Based on obs + command history, it

i reached for the wrong object when tol
to “move to toothbrush,” so let’s
point instead.

iThe toothbrush is
on the table, not
the towel. Thus,
the robot should
:move right and
idown to reach it.

!

Fig. 3: Our automated pipeline for annotating robot data with
synthetic steering commands at scale. 1: We use a suite of
foundation models to extract subtasks and grounded features
(bounding boxes, motions, and gripper traces) from each
trajectory. 2: We query a VLM to generate diverse steering
commands for training Steerable Policies. These commands
may reference features extracted in the first step, which
we provide in the prompt. 3: To train high-level embodied
reasoners, we also generate rationalizations for why particular
commands are appropriate for given observations (Sec. V-A).

The last three styles can reference 2D pixel coordinates,
which VLMs can easily specify [47, 18]. They also allow fine-
grained steering when language is insufficient: e.g., the policy
might fail to pick up some out-of-distribution object specified
by name, but would succeed if told to "pick up the object
at [z, y]". Likewise, if there are multiple of instances an object
(making language underspecified), the policy can determine
the correct one to interact with from a pointing command.

B. Generating Steering Commands at Scale

The default task commands found in large robot datasets are
usually human-annotated. While this yields the gold standard
in terms of data quality, acquiring these labels at scale is
expensive and labor-intensive, especially when language com-
mands reference grounded features, such as pixel coordinates.
We thus turn to synthetically-generated annotations.

Our pipeline for producing steering commands is shown
in Fig. 3. We first extract grounded features from a robot
dataset, then compile them into subtasks. Specifically, we
follow Zawalski et al. [8] to programmatically extract motion
language, then use Molmo to extract task-relevant object
names and map them to segmentation masks [47]. Next, we
use SAM2 to track and propagate these masks across the entire
trajectory video [48], thereby producing temporally-consistent
open-vocabulary bounding boxes. Separately, we call DETR
to extract the robot’s gripper traces [49]. Finally, given the
overall task, motions, and objects, we query Gemini 2.0 [50]
to break the episode into semantic subtasks.

After grounded feature extraction and subtask decompo-
sition, we query Gemini again to restate each subtask into
equivalent steering commands of all styles in Sec. [V-A).
Gripper traces, motions, and object centroids are provided

Fig. 4: Our two novel high-level policies (Sec. V). (a) fine-
tunes a VLM into an embodied reasoner that issues steering
commands, while (b) queries an off-the-shelf VLM to deter-
mine appropriate commands via in-context reasoning.

in the prompt, as these grounded features are useful for
generating some steering commands. This pipeline allows us to
expand from 38k “standard” Bridge task-level language labels
to 206k subtasks and nearly 2M total steering commands. See
App. A for full details and all prompts used.

The generated commands are used to train Steerable Policies
by simply replacing the standard language during BC with
a corresponding steering command (sampled uniformly at
random across all commands for each frame). The resulting
VLA can thus follow all command styles in Sec. [V-A nec-
essary to produce generalizable behaviors, which we confirm
in Sec. VI-A. In particular, we show that different command
styles are suited to different tasks and situations, suggesting
Steerable Polices generalize better. Indeed, we also find that
choosing steering commands intelligently yields a substantial
performance boost over a non-steerable baseline.

V. HIERARCHICAL METHODS WITH STEERABLE POLICIES
To fully realize the benefits of Steerable Policies, they must
be integrated with VLMs that understand their affordances.
We introduce two high-level VLM policies that effectively
leverage semantic knowledge and physical reasoning to is-
sue steering commands. First, we investigate how embodied
reasoning training can aid lightweight open-source VLMs
to leverage their pretrained representations for controlling
Steerable Policies. Second, we use the zero-shot in-context
learning abilities of off-the-shelf VLMs for multi-step robotic
problem-solving. Both methods are depicted in Fig. 4.

A. Training High-level Embodied Reasoners

Our first method trains a high-level embodied reasoning
model to decompose tasks into steering commands, as shown
in Fig. 4 (a). Specifically, we fine-tune a VLM to output
appropriate steering commands for accomplishing a given task
based on a task instruction and the current observation. Note
that our command generation pipeline (Sec. [V-B) provides
a mapping from tasks to appropriate commands, yielding the
exact supervision necessary to train this model.



To make better use of the base VLMs’ reasoning abilities
and improve generalization, we also produce post-hoc ratio-
nales for why each command is appropriate. For each subtask
in every trajectory, we query Gemini with its starting frame,
asking the VLM to explain why that subtask is needed to make
progress (Fig. 3). See App. for the full prompt used and
more details. We then train the high-level policy via next-token
prediction to reason about what the robot should do in each
frame. During inference, the model autoregressively predicts
a reasoning followed by a corresponding steering command,
which our Steerable Policy follows for N = 5 environment
steps before re-querying the high-level reasoner.

We expect this approach to be particularly effective for
three main reasons. First, as the high-level reasoner’s learning
objective (mapping from task language to natural language
reasonings and steering commands) is similar to the base
VLM’s pretraining objective, we expect it to readily transfer its
generalizable representations to this new task. Second, since
the low-level VLA only attends to steering commands, it learns
fewer spurious biases between the task, reasoning, and action,
compared to most unfactorized end-to-end models. Finally,
since the high-level reasoner is queried less frequently than the
VLA, it speeds up inference compared to standard embodied
reasoning, even without any compilation techniques [51, 52].

B. In-context Reasoning for Choosing Steering Abstractions

Steerable Policies also enable a novel functionality: they
permit many command styles, letting high-level models choose
which level of abstraction is best for inducing behaviors that
progress a given task. Thus, in addition to reasoning about
what the robot should do, hierarchical systems using Steerable
Policies have the added dimension of reasoning about sow to
get the robot to do it. Our approach in Sec. fine-tunes a
model to map tasks to steering commands, but not necessarily
those of the optimal style. Doing so requires (1) intuition about
the strengths and weaknesses of each command style and (2)
the ability to learn when each style is effective on the fly.
We thus hypothesize that off-the-shelf VLMs would excel at
selecting command styles, due to their zero-shot proficiency
with in-context learning and reasoning.

We test this idea with the implementation shown in Fig.
(b). We query an API-based off-the-shelf VLM with the
robot’s observation and an overall task. The VLM is told to
issue commands to our Steerable Policy, based on examples of
all the command styles and brief descriptions of their strengths
and weaknesses. The model receives a history of images and
executed commands in context, and is asked to (1) parse the
current scene, (2) determine what the robot should do next, and
(3) reason about the best level of abstraction for commanding
the policy. Finally, it predicts a steering command for the
Steerable Policy to follow for N = 20 steps before the high-
level VLM is re-queried. See App. B for more details.

Beyond emitting steering commands at a range of abstrac-
tion styles, our approach has several key innovations. Most
significantly, the VLM can use in-context learning to adapt its
command choices, since it receives a sequential history of past

observations and commands it has chosen. After selecting a
steering abstraction, the VLM can observe the robot’s resulting
behavior, then adjust the abstraction or command as needed.
Critically, because in-context data points are produced by
the VLM, it does not need hand-crafted examples of robot
behaviors. Note that as in-context learning is used here to
predict steering commands, not robot actions, the VLM’s
task is thus akin to the “standard” vision-language in-context
learning that VLMs are known to excel at. This obviates
domain-specialized training or structured scene descriptions
needed in prior robotic in-context learning works [53, 54].

Another benefit of our approach is that the VLM can use its
scene understanding in conjunction with descriptions of each
command style to reason about optimal steering abstractions.
For instance, the VLM might produce visual inferences such as
“the scene is cluttered,” leading to the selection of a pointing
or motion command which allows for improved specificity.

Naturally, as the above benefits stem from choosing steering
abstractions, they are not applicable to prior methods where
VLMs control standard policies that accept only a single
conditioning modality (e.g., task language [13, 10, 22] or
traces [24-26]). Only Steerable Policies can fully bring these
VLM capabilities to bear for robotic problem-solving.

VI. EXPERIMENTS

Research questions. We now evaluate our Steerable Poli-
cies, both individually and as part of our two hierarchical
control methods. We aim to answer: (1) Can steering com-
mands effectively induce diverse compositional behaviors in
Steerable Policies, yielding improved task performance? (2)
How can Steerable Policies enable trained high-level VLMs to
leverage embodied reasoning data for generalization? (3) How
can Steerable Policies let us better apply in-context learning,
scene understanding, and reasoning competencies in off-the-
shelf VLMs for solving long-horizon tasks?

Experimental setup. We train Steerable Policies on the
Bridge WidowX real-world robot manipulation dataset [4, 5,
55], allowing for evaluations consistent with past generalist
policies [56, 10, 8, 9]. Following these works, we adapt
the OpenVLA codebase to train our Steerable Policy (and
embodied reasoner) with the standard Prismatic VLM 7B
architecture [57, 10], but modified to map steering commands
(rather than standard task labels) and third-person RGB images
to end effector actions. To show that Steerable Policies are ap-
plicable to many VLAs, we also fine-tune one from 7o 5 [11],
which we use in Sec. . See App. I for more details.

For experiments in Sec. and Sec. , We measure
performance over common generalization axes [10, 8, 9]:
in-distribution, motion, spatial, and semantic generalization.
When evaluating our in-context learning high-level policy
formulation in Sec. , we additionally include unseen
longer-horizon tasks. See App. C for full task details.

A. Diverse Steering Commands Induce Performant and
Compositional Behaviors in Steerable Policies

To improve the performance of learned hierarchical systems,
the underlying policies must respond to a wider range of com-



(1) User intervenes during rollout to give new steerable command

“Reach for the mushroom”

“Move the E
mushroom from i
<1> to the bowl :

at <2>” H

21 Click to fill
R in <7> and <2>:

“Move the q
mushroom from i
[x; y:] to the :
b .

Fig. 5: Interactive interface for querying humans for oracle
steering commands. 1: The operator can interrupt the rollout to
issue a new steering command. To facilitate giving commands
with pixel coordinates, they can add textual placeholder mark-
ers. 2: If any are given, a GUI is opened displaying the current
robot observation, allowing the user to click to fill the markers
in. 3: Finally, the rollout resumes with the new command.
100

75

al

N
31

Success Rate (%)
[}
()

In-Dist. Motion Gen. Average
100
= Allowed
N 75 Command Style
3 [ Task
& 50 [ Subtask
) [ Atomic Motion
§ 25 [ Traces/Points
o Any Style
3 I:l [] D BN (ynablated)
0

Spatial Gen. Semantic Gen.

Fig. 6: Allowing the oracle human user to issue any command
style to our Steerable Policy nearly saturates performance
on Bridge. By restricting the user to each style alone, we find
each one is suited to different task types. All individual styles
are better than directly providing the task-level label that is

used by regular VLAs. Error bars denote +1StdErr.

mands beyond standard task-level language. Our first experi-
ment evaluates whether our proposed steering commands are
sufficiently expressive to induce the compositional behaviors
necessary for Steerable Policies to solve a range of novel tasks.

Specifically, we establish an achievable upper bound on
performance by having a human act as an “oracle” high-level
policy. This experiment serves as a didactic proof of existence
showing that, given human-level scene understanding and
reasoning, steering commands enable a Steerable Policy to
attain high task performance. Following Shi et al. [33], the user
may intervene by modifying the policy’s free-form steering
command as needed (Fig. 5). However, they must wait > 2
seconds between interventions to reflect practical hierarchical
systems that query the high-level policy less frequently than
the low-level. This also prevents the user from “fully teleop-

erating” the robot by repeatedly changing the command.

We additionally repeat this experiment while restricting
the user to a single command style at a time, including the
‘task-level” prompts used by standard VLAs. This isolates
whether individual steering modalities are sufficient for strong
performance, and clarifies when each style is most effective.

Our results demonstrate that a human oracle issuing
unrestricted steering commands can solve all tasks at
nearly 100% success rate (Fig. 6). Even when constrained
to a single command style, the user consistently outperforms
task-level language alone. Additionally, we find that no single
style dominates across settings: each exhibits complementary
strengths and weaknesses. Optimal performance empirically
requires access to a spectrum of prompt abstraction, supporting
the claim that no one-size-fits-all steering modality exists.

We observe several trends for when each style is effective.
First, trace/point commands dominate in semantic general-
ization, as pointing allows the policy to know which out-of-
distribution objects to interact with, even if it fails to identify
them by name. Next, atomic motion commands are best in
tasks that reference spatial relations. When following motion
commands, the policy remains on a manifold of “reasonable”
actions — e.g., when prompted to “move left,” it servos left
towards an object, rather than moving left unconditionally
(see App. E-B for more examples). As a result, when using
a single steering modality, motions are the most effective.
Finally, while task/subtask commands never perform best in
any evaluation, they are especially reliable for in-distribution
parts of an overall task (e.g., reaching for non-novel objects).

Overall, we find our Steerable Policy to be both responsive
to different command styles and highly performant, partic-
ularly when given suitable steering commands leveraging
all command styles. However, selecting effective commands
requires reasoning about the task, the scene, and the VLA’s
capabilities. This motivates the novel hierarchical methods
presented in Sec. V, which we evaluate below.

B. Steerable Policies Enable VLMs to Effectively Use
Embodied Reasoning Training

We now evaluate if fine-tuning a VLM into a high-level pol-
icy is an effective way to leverage embodied reasoning to con-
trol Steerable Policies. Since our method involves fine-tuning
the high-level to produce embodied reasonings and interme-
diate goals, we compare against three prior methods that use
reasoning data to improve VLAs (all built on OpenVLA): Em-
bodied Chain-of-Thought Reasoning (ECoT) [8] and the two
ECoT-Lite variants, which learn representations from robot
reasonings, but do not generate them during inference [9]. We
also include a non-reasoning ablation, where the fine-tuned
VLM outputs steering commands directly. Finally, we compare
against equivalent non-reasoning “standard” OpenVLA and
7.5 baselines [10, 11]. All methods are evaluated on the same
Bridge tasks used in ECoT-Lite, which were chosen to probe
several axes of generalization. For fairness, we control for
training demonstrations and architectures; the policies differ
only in how embodied reasoning is incorporated.
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As shown in Fig. 7, our approach outperforms all baselines.
The gains are most pronounced on motion and semantic
generalization tasks, likely because atomic motion, trace,
and pointing commands allow the generalizable reasoner to
reliably control the Steerable Policy under distribution shift.

High-level VLM reasoning benefits Steerable Policies
based on different VLA architectures. While the “standard”
Bridge 7.5 baseline outperforms the OpenVLA equivalent
(likely due to having better base representations for control),
applying our method to 7y 5- or OpenVLA-based Steerable
Policies still outperforms both baselines, showing that steer-
ability unlocks performance gains from VLM reasoning, even
for modern VLA architectures. Both Steerable Policies achieve
similar performance when using our approach.

Fine-tuned high-level VLMs benefit from reasoning.
While not as effective as our full approach, ablating reasoning
from our method still greatly outperforms standard OpenVLA
and is on-par with ECoT-Lite, despite being trained on the
same robot interactions. This suggests that there are perfor-
mance benefits to hierarchical control schemes with Steerable
Policies over end-to-end policies, even if the high-level is
not explicitly trained to reason. Still, we find that embodied
reasoning is important for generalization and performance.
Note that VLMs’ off-the-shelf reasoning abilities can be used
to achieve the same benefit, which we discuss below.

C. Steerable Policies Unlock In-context Reasoning in VLMs

Finally, we investigate if off-the-shelf VLMs can better
use their in-context reasoning faculties when interfacing with

Steerable Policies. We define a distinct suite of multi-step
tasks that demand reasoning over long-horizon executions. See
App. C-C for task details and rubrics.

The key advantage of using Steerable Policies is that they
allow high-level VLMs to reason about and flexibly choose the
best abstraction for prompting low-level VLAs. Our primary
baseline is therefore a SayCan-like [1] method, representing
a standard approach where an off-the-shelf VLM commands
the VLA through subtask language alone. For fairness, this
baseline uses the same history and system prompt as our
method, differing only in that the VLM is restricted to a
single level of steering abstraction. We expect this to hinder the
impact of in-context reasoning, lowering performance. We also
include a standard Bridge OpenVLA comparison to assess
if our tasks are sufficiently challenging for non-hierarchical
policies. Finally, to isolate the role of explicit reasoning, we
include a non-reasoning ablation where the VLM outputs
steering commands without any intermediate generation. All
hierarchical methods use Gemini 3.0 [50] as the VLM. More
details and prompts for all methods are shown in App. B.

As shown in Fig. &, our approach universally outperforms
OpenVLA and SayCan-like baselines. Since the latter differs
only in being restricted to subtask-level prompts, the perfor-
mance gap primarily reflects the benefit of allowing the VLM
to access the full spectrum of steering abstractions during
in-context reasoning. Our method also outperforms the non-
reasoning ablation, though the gap is smaller. This suggests
that, while explicit reasoning is helpful, in-context learning



Put the banana on the right on the plate |

A previous attempt using a position-based
command failed to target the correct banana.

I will now use a different level of
abstraction, atomic motion commands, to
guide the robot toward the right side of the
workspace to ensure it approaches the
correct object.

move right and down to the banana on the right
(a) The VLM uses in-context learning to “discover” what steering
abstraction is best. A pointing command leads to incorrect behavior,
so the VLM employs a motion command instead.

| Put all the food in the blue pot and stuffed toys in the tan pot |

High-level & combination commands have been
attempted without lifting the object.

Since the gripper is already well-
positioned above the mushroom, a position
command will help re-calculate a more
precise grasp to ensure the mushroom is
actually secured before lifting.

pick up the object at [x, y]
(b) The VLM uses in-context learning to adjust the abstraction when
task progress stalls. Subtask ("1ift the mushroom up") and motion
("move down and close gripper onto the mushroom”) commands
were ineffective, so the VLM points instead.

| Put the hammer on the towel |

The robot missed the hammer which is further
right. This is a recurring issue where the
robot confuses the target w/ the vegetable.

Since the robot is too low & targeting the
wrong item, an atomic motion command to move
right and up will clear the current object
and reposition for the correct target.

move right and up to the hammer handle

(c) The VLM demonstrates fine-grained semantic and physical un-
derstanding to issue a corrective command.

| Put all the food in the blue pot and stuffed toys in the tan pot |

Since the robot is
already precisely
aligned with the
banana, a high-level
instruction is the
most efficient and
reliable way to
execute the grasp.

(d) Given an observation, the VLM reasons about which steering
abstraction is most appropriate, based on each one’s strengths.

Since the gripper is
centered over the
blue pot & away from
the items, a

position command is
most efficient to
direct the robot to
a specific target.

move above [x y]

Fig. 9: Example reasonings when using an in-context learning
VLM for controlling our Steerable Policies.

VLMs are already adept at issuing effective steering com-
mands without intermediate “thinking.” We further observe
that using in-context reasoning to steer our VLA leads to
several qualitative advantages, shown below and in Fig. 9.
In-context learning enables corrective steering. Even
when the VLM initially picks poor steering commands, we
find it can use in-context learning to improve commands by
changing the abstraction level. This is especially salient when
a command leads to an error (Fig. 92a) or is ineffective and
fails to progress the task (Fig. 9b). In either case, the VLM
reasons over history to learn the affordances of the VLA and
change its prompting strategy to complete the task.
Steerability better applies VLM understanding. Inter-
facing with a Steerable Policy allows the VLM to translate
its scene understanding and in-context history into actionable
corrections that are difficult to induce in a standard VLA
accepting task-level language alone. In Fig. 9c, the VLM uses
semantic understanding to observe that the robot grasps the
wrong object when instructed to reach for the hammer. It

further reasons with granular physical understanding, recog-
nizing that the end effector must have sufficient clearance to
disengage the current object and move above the correct one.
It uses this understanding in conjunction with past behavioral
and semantic failure modes to ground its final steering com-
mand: "move right and up to the hammer handle”.

Crucially, the VLM often cannot capitalize on such insights
with subtask commands alone. A common failure mode of the
SayCan-like baseline is that, even when the VLM correctly
diagnoses errors, subtasks lack the specificity required to
resolve them. In the same example (Fig. 9¢), the VLM may
recognize that the robot has confused a mushroom for the
hammer and issue "drop the mushroom”. However, since a
non-steerable VLA cannot understand motion commands such
as "move up and right”, the VLM can only reissue the
subtask command "reach for the hammer”, causing the
robot to repeat the same mistake. In short, even if the VLM
has the capacity for nuanced scene understanding, it cannot act
on this knowledge with subtask commands alone, requiring a
low-level Steerable Policy instead (see App. E-C).

VLMs can reason about steering abstractions. Beyond
reasoning about what the robot should do, VLMs can also
reason about how to best induce the desired behavior (i.e.,
what steering style to use). In Fig. 9d, when reaching for
a banana in a cluttered scene, the VLM determines that a
pointing command is the least ambiguous option and issues
"move above <banana position>". After observing that the
robot is correctly above the banana, it switches to a higher-
level instruction, "grasp the banana”. This demonstrates
that VLMs can dynamically select and sequence steering
abstractions based on the current state.

VII. DISCUSSION AND FUTURE WORK

We introduce Steerable Policies: VLAs that support a wide
range of command abstractions including subtasks, motions,
and grounded pixel coordinates. We show how improved
steerability enables better transfer of VLM capabilities into
robotics by (1) fine-tuning high-level VLMs on embodied
reasoning data to solve generalization tasks with our Steerable
Policy, and (2) using the in-context learning abilities of off-
the-shelf VLMs for multi-step robotic problem-solving.

As robot datasets have trended toward scaling their behav-
ioral diversity, we expect Steerable Policies to only increase
in applicability. The compositionality afforded by steering
also becomes more important as task complexity increases,
e.g., when moving to open-world settings. To support this,
VLMs require an even better grasp of the affordances provided
by Steerable Policies. Beyond zero-shot prompting, VLMs
could learn these affordances via reinforcement learning, as
rollouts would allow models to elucidate when each steering
style is effective. This may also provide the data needed for
cross-task in-context learning, where the VLM transfers its
understanding of affordances to new situations. We hope that
Steerable Policies will represent a step toward finally bringing
the “disembodied” capabilities of VLMs to the physical world.
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