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Abstract: Recent advances have showcased the opportunity of leveraging the
broad semantic understanding learned by vision-language models (VLMs) in
robot learning; however, effectively connecting VLMs to robot control remains
challenging due to the scarcity of physical robot data compared to internet-scale
training data. We propose STEER, a system that learns flexible, low-level ma-
nipulation skills, allowing for modulation and adaptation to new situations. By
training low-level policies on structured, dense re-annotations of existing robot
datasets, we create an intuitive interface for humans or VLMs to guide robots in
unfamiliar scenarios and perform new tasks using common-sense reasoning. Our
results demonstrate that skills learned through STEER can be synthesized to ac-
complish held-out tasks without additional training. (Videos')

.
1 IntrOducthﬂ Learn Flexible, Composable Skills Orchestrate Appropriate Skills in New Scenarios

Designing robots that can handle diverse and | (5] o
nuanced tasks posed by the real world is chal-
lenging, as it requires adaptability to complex,
dynamic environments. Imitation learning (IL)
is a widely-used, data-driven approach that dis-
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tills expert demonstrations into learned poli- Figure 1: 'In STEER, we train on a dataset of di-
p P verse robot behaviors that is re-annotated to describe

cies, enabling precise manipulation of high-  he primitive skills used to manipulate objects, with a
dimensional robot systems in real-world envi- focus on how the robot performed that skill. At in-
ronments [1, 2] and at scale [3, 4, 5, 6, 7, 8, 9]. ference time, a high-level system (VLM or human) re-
Despite these advances, robot systems trained ceives a complgx language ingtructiot.l and determines
with IL remain largely limited to scenarios en- the .low—level ‘s‘klllsfo employ in the given context. Eo—
. Y . cusing on the “how” enables better contextual behavior.
countered during training, which are fundamen-
tally narrow as collecting real-world embodied data is costly and constrained by physical limitations.
Humans, on the other hand, can adapt to complex, unfamiliar situations with ease, thanks to "com-
mon sense" generalization. Humans effortlessly understand high-level concepts like object affor-
dances, intuitive physics, and compositionality—referred to as *System 2’ processing [10], which
involves deliberate, analytical thinking. This contrasts with *System 1’ behaviors, which are reactive
and particularly useful in contact-rich manipulation. Natural language serves as a key medium for
studying System 2 reasoning, not only as a means through which humans understand and describe
the world, but also as the primary input-output modality for vision-language models (VLMs) that
demonstrate complex, human-like reasoning capabilities [11, 12, 13]. Connecting high-level Sys-
tem 2 plans to low-level System 1 behaviors, however, is not straightforward. Several methods have
been proposed to bridge this gap: some enable System 2 reasoning systems to operate in modali-
ties more easily transferable to robotic policies, such as code or semantic keypoints [14, 15], while
others account for the lack of System 2 physical grounding by considering robot affordances dur-
ing planning [16] or jointly training on both internet and embodied data [6, 5]. These approaches
typically view System 1 processing as inflexible, seeking to improve System 2 reasoning outputs to
better control a fixed System 1 policy. Instead of augmenting System 2 reasoning outputs, we ask:
can we improve the System 1 policy to be more flexible and steerable by System 2 processes? Can
this combination enable generalizable, end-to-end control?
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We introduce STEER: Structured Training for EmbodiEd Reasoning, a framework for training low-
level reactive policies that can be flexibly guided by higher-level reasoning systems like humans or
VLMs. The key insight of STEER is the use of dense language annotations on robot data, allowing
us to train conditional policies based on detailed language instructions. These policies can be con-
ditioned on each step of a plan generated by a high-level model (e.g., VLM or LLM), effectively
combining System 1 and System 2 capabilities. This enables the robot to adapt to new situations by
synthesizing behaviors not explicitly demonstrated during training. We implement this system using
real-world datasets and propose an automated labeling pipeline based on proprioceptive observa-
tions to extract basic, object-centric manipulation skills, which are distilled into a low-level policy.
Additionally, we present a strategy for using a VLM to generate language-based instructions for this
low-level policy. Crucially, our approach enables the repurposing of robot skills in a semantically
meaningful way at test time, allowing robots to autonomously handle novel situations.

2 Related Work

Imitation learning (IL) has become the dominant paradigm for training robotic manipulation poli-
cies [3, 2, 17]. However, deploying these models in unstructured environments remains challeng-
ing, as robot policies trained on human-collected data struggle in "out-of-distribution" scenarios
where demonstrations are sparse [18]. This limitation arises from the high cost of collecting large-
scale robot data compared to web-scale datasets used for training foundation models [19, 11, 13].
To improve generalization, researchers have leveraged text and vision foundation models to uti-
lize existing datasets. This includes enhancing IL policies for open-world object grasping through
open-vocabulary object detection [20] and relabeling episode-level instructions with models like
CLIP [21, 22, 23]. Our work aligns with these dataset relabeling approaches, aiming to expand
robot capabilities by relabeling behavior modes in existing heterogeneous demonstration datasets.
Previous research has also investigated expressive modalities for policy conditioning, such as goal
target poses [24], images [25, 26], trajectories [27, 28], and code [14]. However, natural language
remains the primary modality for complex planning in state-of-the-art LLMs and VLMs, motivat-
ing STEER to improve language-conditioned action prediction. Additionally, many works explore
learned skills to accelerate new task learning with temporally extended, semantically meaningful ac-
tion sequences [29, 30, 31, 32, 33]. These approaches often employ hierarchical policies that learn
to compose skills through RL [34, 35, 36]. While EXTRACT [33] uses VLMs to label skills for
new tasks, our method leverages VLMs’ common-sense reasoning to select appropriate skills with-
out training a separate policy. By reasoning about how humans approach tasks from visual inputs,
our framework enables robots to plan longer-horizon tasks and manage novel object configurations.
This contrasts with prior work on affordances, which typically relies on keypoint representations
in pixel space [37, 38]. Our approach instead reasons about affordances through natural language,
allowing for more nuanced interactions with off-the-shelf VLMs or human operators.
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3 System Design

Our goal is to extract language-indexed, object-centric skills that
facilitate task execution via foundation models. We achieve this
by annotating existing datasets and training a language-conditioned
RT-1 policy [4] using segmented and relabeled instructions. We |

. - . . . Figure 2: Anchor vectors and
extract semantically identifiable categories linked to language de- g .

o . . . . . . their semantic labels. Purple,
scriptions, focusing on shared, object-relational skills like grasping, _and vectors represent
lifting, placing, and rotating, originally demonstrated through tem- side, top-down, and diagonal.
plates like pick <object>, move <object1> near <object2>, knock <object>, place
<object> upright, can be executed with varying strategies. Key factors include:

Grasp Angle. Objects can be grasped in multiple stable positions, and the particular way indeed
impacts the ability to perform downstream tasks. However, grasp positions are rarely labeled apriori,
as they are often implicit. We use a simple approach to label the grasp approach by manually labeling
a relatively small set of ‘anchor’ grasp poses. We then label an arbitrary grasp with the label of its
nearest neighbor ‘anchor’ pose as measured by cosine similarity. We represent a grasp pose as a 3D



94
95
9
97
98
99

100

101
102
103
104
105
106

107
108
109
110
111

112
113
114
115
116
117
118
119
120
121
122
123
124
125
126

127

128
129
130
131
132

133
134
135
136

137

139
140
141
142
143
144
145

unit vector, and we identify the time of a grasp where the gripper changed from fully open to fully
closed. To define and label the anchor poses, we took 3D unit vectors that are linear combinations
of the elementary 3D basis vectors and visually inspected clusters in order to label them. In the
grasp data, we identify three distinct modes via inspecting the grasp images: top-down grasps, side
grasps, and diagonal grasps (visualized in Figure 2). The sub-trajectory is relabeled to grasp the
<object> in a <grasp approach>, where <object> is from the original instruction and <grasp
approach> is from the anchor’s label.

Reorientation. Another mode of behavior identified in the dataset is of reorienting objects. In
order to identify and label these reorientations, we first label the wrist orientation for every timestep
where the gripper is fully closed. Then if the gripper orientation switches between two of the modes
(as labeled in Grasp Angle), we label the sub-trajectory preceding it as reorient the <object>
<direction>, where <object> again is from the original instruction and <direction> indicates
whether the object is rotated from upright to horizontal or vice versa.

Lifting/Placing. Complementing grasping, we label whether the object was lifted or placed at the
end of completing the original task. If the object is still held at the end of the episode and the gripper
moves vertically upward, we label the final sub-trajectory as hold and 1ift the <object>. If
not, similar to identifying grasps, we identify the time of placing using the gripper state and label
this sub-trajectory as place the <object>.

Orchestrating Learned Skills A key capability of the System 2 component is being able to reason
about the visual observation of the scene, the task description, and the robot’s low-level capabili-
ties to effectively choose and sequence appropriate skills for the task at hand. To implement an
automated System 2 component as a code-writing VLM agent in order to autonomously execute the
verbalized plans without additional modules or human effort. To facilitate this, we define an API
for the action primitives accessible by the VLM to interface with the System 1, reactive low-level
RT-1 policy skills as described in Section 3. The API is based on translating the language com-
mands into a simple API that the VLM agent can access. This breakdown is based on what the
robot should do and how to do it. Each primitive skill (i.e. grasping, rotating, lifting, placing) is
represented by a function with a keyword argument modifying ow that primitive is accomplished
(i.e. grasp(object, "top-down"). Internally, the API translates this code into the corresponding
natural language the RT-1 policy was trained on. We use a system prompt to tell the VLM to control
its physical embodiment through code, then provide the robot’s visual observation of the scene and
a description of the high-level task. The exact system prompt we use in all experiments and example
outputs and explanations produced by the model can be found on our project website!.

4 Experiments

We evaluate STEER by testing its ability to improve grasping in unseen scenarios and perform novel
behaviors that require complex reasoning and motor control. We focus on three main questions:
(1) Does learning multiple modes of behavior improve adaptability in new situations? (2) Can
combining extracted skills from heterogeneous human demos enable entirely new tasks? (3) To
what degree can a state-of-the-art VLM plan orchestrate these skills autonomously?

We use a 7 DoF arm, a two-fingered gripper, and a mobile base, as used in RT-1 [4] in a tabletop
environment. The experiment involves 70K demonstrations from RT-1’s multi-task dataset and 15K
grasping demos from MOO [20]. We choose RT-1 [4] for our System 1 component and Gemini 1.5
Pro [39] as our learned System 2 component for those experiments (sample videos').

Improving Test-Time Adaptability We present three challenging, unseen grasping scenarios: a
kettle, a potted plant, and grasping in clutter. We compare STEER with the baseline RT-1 [4] (trained
on original instructions) and OpenVLA [8], which fine-tunes a VLM on robot data from Open
X-Embodiment [40]. We report the success rates in Figure 3a. RT-1 occasionally succeeds, but
exhibits different strategies and we observe that failures are often caused by a sub-optimal approach.
OpenVLA performed similarly to RT-1, demonstrating that additional web data does not lead to
sufficiently strong embodied reasoning about how to grasp in a new scenario where a particular
approach is evidently necessary. For example, we find that OpenVLA often picks the potted plant
up, but does not respect the language instruction of picking up the flower pot without disturbing
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(a) Grasping results. Full successes are in (b) New task results. We run each method (¢) We compare a VLM to a human in wield-
solid colors. Partial successes are in light col- 10 times, comparing the low-level capabilities ing the learned policies. The VLM can effec-
ors. We do 20 trials of Kettle, 10 of Potted afforded by each model to perform the task tively recover most of the performance.
Plant, and 15 of Fruit in Clutter. usin human guidance.

Figure 3: Results on grasping in unseen scenarios and performing a new task, with human or VLM guidance.
We find that by having access to and being able to reason about extracted low-level strategies enables higher

success in OOD scenarios than the baseline RT-1 model and a state-of-the-art VLA. .
the plant and grasps from above around the plant leaves. Decomposing the grasp strategies and

exploiting the most suitable one as we do in STEER reduces this failure mode.

Performing Novel Behaviors We study whether we can engineer behavior for a new everyday task
without collecting new demonstrations or additional fine-tuning. Pouring is out of the distribution
of demonstrated tasks but should be achievable with the motions that exist in the data. We compare
against the best-case version of each of 4 baselines and comparisons: baseline RT-1 [4], Language
motions from RT-H [41], defined by narrating end-effector movement to give language like move
arm left and rotate arm right, a goal-image conditioned variant of RT-1, which tests whether
language is a better abstraction layer than goal images, and OpenVLA [8]. As seen in Figure 3b,
human orchestration with a STEER policy achieves a 90% success rate on pouring as compared to
70% with a policy trained with language motions from RT-H (whose orchestration is significantly
more cumbersome as it requires tight closed-loop guidance). In comparison, baseline RT-1 cannot
complete the task because it is not trained to reorient objects. The goal image conditioned baseline,
despite having demonstration sub goal images from the same starting positions, fails and appears to
mimic the exact arm positions in the subgoals rather than manipulate the object state as prescribed
by the goal image. OpenVLA, despite having access to the same underlying demo data, does not
generalize to the new motion by stitching together the appropriate motions.

VLM Orchestration Now, we test whether a VLM can effectively select or sequence appropriate
skills afforded by STEER by reasoning about the context, in the visual observation and task descrip-
tion, as well as the skills exposed through the API without any examples (i.e. 0-shot). For these
experiments, we compare the VLM to human orchestration of the same low-level policy to serve as
an upper bound on performance. Exact inputs and outputs can be found on the project website!.

Seen task, new scenarios. We see that the VLM successfully produces the same high-level plans
as the human expert very reliably for the grasping tasks. However, as shown in Figure 3c we see
that there is a degradation in end-to-end task performance compared to human orchestration when
executing the code produced by the VLM, and we analyze these failures. For the kettle picking
task, we note that the low-level policy appears to be sensitive to the specific naming of objects.
That is, the VLM often produced code to grasp the ‘black and white kettle‘ from the top instead of
grasping the ‘black and white object* from the top, and with further analysis find that this instruction
has a noticeable degradation across all low-level language-conditioned policies. So, while the VLM
reasonably commands the policy to grasp from above, the low-level policy is less reliable. We expect
this to be improved with denser annotation or augmentation on the entity-level, whereas STEER is
concerned with the motion-level. For the Fruit in Clutter grasping task, the VLM did not always
command the appropriate action and we suspect that similar object naming references (‘red apple’
instead of ‘apple’) impact the low-level policy performance.

Seen objects, new task. Without any examples, the VLM correctly identifies that in order to pour
from the cup, the robot ought to grasp it from the side as if a human were performing the task. It
then recognizes that it must reorient it, then reorient it back in order to place it back upright on the
table. The VLM succeeded in 6 out of 10 trials for zero-shot synthesizing of pouring behavior.
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