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Abstract—Generalist robots that can perform a range of
different tasks in open-world settings must be able to not only
reason about the steps needed to accomplish their goals, but
also process complex instructions, prompts, and even feedback
during task execution. Intricate instructions (e.g., “Could you
make me a vegetarian sandwich?” or “I don’t like that one”)
require not just the ability to physically perform the individual
steps, but the ability to situate complex commands and feedback
in the physical world. In this work, we describe a system that uses
vision-language models in a hierarchical structure, first reasoning
over complex prompts and user feedback to deduce the most
appropriate next step to fulfill the task, and then performing
that step with low-level actions. In contrast to direct instruction
following methods that can fulfill simple commands (“pick up
the cup”), our system can reason through complex prompts and
incorporate situated feedback during task execution (“that’s not
trash”). We evaluate our system across three robotic platforms,
including single-arm, dual-arm, and dual-arm mobile robots,
demonstrating its ability to handle tasks such as cleaning messy
tables, making sandwiches, and grocery shopping.

I. INTRODUCTION

A defining feature of intelligence is its flexibility: people not
only excel at complex tasks but also adapt to new situations,
modify behaviors in real time, and respond to diverse inputs,
corrections, and feedback. Achieving this kind of flexibility
is essential for robots in open-ended, human-centric environ-
ments. For instance, consider a robot tasked with tidying up
a table after a meal: instead of rigidly following a single
predefined set of steps, the robot would need to interpret dy-
namic prompts like “only take away someone’s dishes if they
are done eating,” respond to corrections like “leave it alone,”
and adapt when faced with unfamiliar challenges, such as a
delicate object that requires special handling. This paper aims
to advance robotic intelligence by enabling robots to interpret
and act on diverse natural language commands, feedback, and
corrections – a step towards creating agents that reason through
tasks, integrate human feedback seamlessly, and operate with
human-like adaptability. If we can enable a robot to process
and engage with complex natural language interaction, we can
unlock not only better instruction following, but also the ability
for users to guide a robot through new tasks and correct the
robot in real time.
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Achieving this level of flexibility and steerability in robotic
systems is challenging. While standard language-conditioned
imitation learning can follow simple, atomic instructions such
as “pick up the coke can” [4], real-world tasks are rarely
so straightforward. Imagine a more realistic prompt, such
as: “Could you make me a vegetarian sandwich? I’d prefer
it without tomatoes. Also, if you have ham or roast beef,
could you make a separate sandwich with one of those
for my friend?” This requires not only understanding the
language, but also the ability to situate commands within
the current context and compose existing skills (e.g., picking
up the roast beef) to solve a new task. If the robot further
receives corrections and feedback (“that’s not how you do
it, you have to get lower, otherwise you’ll keep missing”),
these must also be integrated dynamically into task execution.
This challenge resembles the distinction between Kahneman’s
“System 1” and “System 2” cognitive processes [15]. The
“automatic” System 1 corresponds to a policy capable of
executing straightforward commands by triggering pre-learned
skills, while the more deliberative System 2 involves higher-
level reasoning to parse complex long-horizon tasks, interpret
feedback, and decide on an appropriate course of action. Prior
work in robotic instruction following has largely focused on
atomic instructions [38, 14, 4], addressing only System 1-level
behaviors.

In this paper, we address the more intricate reasoning
needed for complex prompts and feedback by introducing a
hierarchical reasoning system for robotic control based on
vision-language models (VLMs). In our system, the robot
incorporates complex prompts and language feedback using
a VLM, which is tasked with interpreting the current ob-
servations and user utterances, and generating suitable verbal
responses and atomic commands (e.g., “grasp the cup”) to pass
into the low-level policy for execution. This low-level policy
is itself a vision-language model finetuned for producing
robotic actions, also known as a vision-language-action (VLA)
model [3, 5, 16, 42]. We expect that robot demonstrations
annotated with atomic commands will not be sufficient for
training the high-level model to follow complex, open-ended
prompts, and we therefore need representative examples of
complex prompt following. To acquire this data, we propose
to synthetically label datasets consisting of robot observations
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Fig. 1: Open-ended instruction following.Hi Robot enables robots to follow multi-stage instructions, adapt to real-time corrections and constraints, complete
unseen long-horizon tasks, and respond verbally when needed.

and actions with hypothetical prompts and human interjections
that might have been plausible for that situation. To this end,
we provide a state-of-the-art vision-language model with a
robot observation and target atomic command, and ask it to
come up with a prompt or human interaction that may have
preceded that observation and command, i.e. generating high-
level policy prompts for different outcomes. By incorporating
these synthetically-generated but situated examples into high-
level policy training, our approach generalizes to diverse
prompts and interjections while maintaining grounding in the
robot's capabilities.

The main contribution of our paper is ahierarchical
interactiverobot learning system (Hi Robot), a novel frame-
work that uses VLMs for both high-level reasoning and low-
level task execution. We show that our framework enables a
robot to process much more complex prompts than prior end-
to-end instruction following systems and incorporate feedback
during task execution (Figure 1). While some of the individual
components of this system, such as the low-level VLA policy,
have been studied in prior work, the combination of these
components along with our synthetic data generation scheme
are novel and enable novel capabilities. We evaluate Hi Robot
on diverse robots, including single-arm, dual-arm, and mobile
platforms. Our evaluation requires the robots to perform a
variety of tasks, including new combinations of skills seen
during training, in the context of scenarios that span cleaning
of messy tables, making sandwiches, and grocery shopping.
Our experiments show that Hi Robot surpasses multiple prior
approaches, including using API-based VLMs and �at VLA
policies, in both alignment with human intent and task success.
By grounding high-level reasoning in both verbal and physical
interaction, Hi Robot paves the way for more intuitive and
steerable human-robot symbiosis, advancing the potential for
�exible intelligence in real-world applications.

II. RELATED WORK

Our work relates to research on VLMs for robotic control,
which we can categorize into two groups: directly training

VLMs for robotic control and using VLMs out-of-the-box with
pre-de�ned robot skills. In the former category, methods �ne-
tune VLMs to output robotic controls based on input images
and language commands [5, 42, 16, 3, 22, 17, 28, 44, 46, 30] .
While such methods have demonstrated impressive generaliza-
tion and instruction-following, they are trained for relatively
simple commands (“put the cup on the plate”). In contrast, we
demonstrate tasks with intricate prompts and human interac-
tions that require situated reasoning.

In the latter category, a number of methods use LLMs
and VLMs to reason over robot observations and commands,
and break up multi-stage tasks into simpler steps that can be
performed by low-level controllers. Earlier methods of this sort
used language models in combination with various learned
or hand-designed skills [12, 6, 18, 33, 35, 41? ], but such
systems have limited ability to incorporate complex context,
such as image observations, into the reasoning process. More
recently, multiple works have use VLMs to output parameters
for pre-de�ned robotic skills [13, 19, 26, 7, 21, 39, 31, 47].
Such methods can process more complex commands and
situate them in the context of visual observations, but these
approaches have shown limited physical dexterity and lim-
ited ability to incorporate real-time language interaction with
humans (with some exceptions discussed below). In contrast,
our system utilizes VLMs forboth high-level reasoning and
low-level control, with a �exible language interface between
the two. These design choices, along with a new synthetic
data generation scheme, allow our system to achieve both
signi�cant physical dexterity and detailed promptability that
prior works lack.

Many works aim to enable robotic language interaction
with users, including model-based systems that parse language
instructions and feedback and ground them via a symbolic
representation of the scene [40, 23, 25, 29], and more recent
learning-based methods that process feedback directly, typi-
cally with a hierarchical architecture [20, 43, 34, 1, 36, 24,
10, 9? ? ]. Our work builds on the latter class of methods,



where user feedback is incorporated via a high-level policy
that provides atomic commands to a learned low-level policy.
Unlike OLAF [20], which uses an LLM to modify robot
trajectories, our approach can incorporate situated corrections
based on the robot's observations, respond to those corrections
in real time, and follow complex prompts describing dexter-
ous manipulation tasks. While YAY Robot [34] can handle
situated real-time corrections, it is limited to one prompt
and to the corrections seen in the human-written data; our
approach leverages VLMs and a new data generation scheme
to enable diverse prompts and open-ended corrections. Finally,
RACER [9] can also incorporate situated corrections, but
relies on a physics simulator to construct recovery behaviors;
our approach only uses real robot demonstrations without
intentional perturbations or corrections and is applicable to
open-ended prompts.

III. PRELIMINARIES AND PROBLEM STATEMENT

A learned policy controls a robot by processing observation
inputs, which we denoteot , and producing one or more actions
A t = [ at ; at +1 ; :::; at + H � 1], where we useA t to denote an
action chunkconsisting of the nextH actions to execute [45].
Our system takes as input the images from multiple cameras
I 1

t ; :::; I n
t , the robot's con�guration (i.e., joint and gripper

positions)qt , and a language prompt` t . Thus, we haveot =
[I 1

t ; :::; I n
t ; ` t ; qt ], and the policy represents the distribution

p(A t jot ). Prior works have proposed various methods for
representing and training such policies [45, 8, 27, 30].

Since our focus will be speci�cally on complex, multi-stage
tasks that require parsing intricate prompts and even dynamic
user feedback, we need our policies to be able to interpret
complex language and ground it via observations of the
environment. A particularly powerful approach for handling
such complex semantics is provided by vision-language-action
(VLA) models [3, 5, 16, 42], which use vision-language
model (VLM) pre-training to initialize the policyp(A t jot ).
A VLM is a language model that has also been trained to
process image inputs, and represents a distributionp(`0jI ; `)
– the probability of a languagesuf�x `0 (e.g., an answer to a
question) in response to an image-language pre�x consisting
of an image I and a prompt` (e.g., a visual question).
The most commonly used VLMs representp(`0jI ; `) via an
autoregressive decoder-only Transformer model, factorizing
the distribution into a product of autoregressive token prob-
abilities p(x t +1 jx1; :::; x t ; I ), wherex t denotes thet th token
(not to be confused with a physical time step), and we have
` = [ x1; :::; x t p ] and `0 = [ x t p +1 ; :::; x t p + t s ], with tp the
length of the pre�x andts the length of the suf�x [2]. We
also use such Transformer-based VLMs, but since we do not
modify their architecture and their autoregressive structure is
therefore not relevant to our discussion, we will use the more
concisep(`0jI ; `) notation to represent a standard VLM.

A standard VLA is produced by �ne-tuning the VLM
p(`0jI ; `) such that the actionsA t are represented by tokens
in the suf�x `0, typically by tokenizing the actions via dis-
cretization. We build on the� 0 VLA [3], which additionally

Fig. 2: Overview of hierarchical VLA. The policy consists of a high-
level and a low-level policy. The high-level policy processes open-ended
instructions and images from base and wrist-mounted cameras to generate
low-level language commands. The low-level policy uses these commands,
images, and robot states to produce actions and optionally verbal responses.

handles multiple images and continuous state observationsqt ,
and modi�es the VLM to output continuous action chunk
distributions via �ow-matching, but the high-level principles
are similar. While such VLA models can follow a wide variety
of language prompts [5], by themselves they are typically
limited to simple and atomic commands, and do not handle
the complex prompts and feedback that we study in this paper.

IV. H I ROBOT

We provide an overview of our method in Figure 2. Our
approach decomposes the policyp(A t jot ) into a low-level and
high-level inference process, where the low-level policy con-
sists of a VLA that produces the action chunkA t in response
to a simpler, low-level language command, and the high-level
policy consists of a VLM that processes the open-ended task
prompt, and outputs these low-level language commands for
the low-level inference process. The two processes run at
different rates: the low-level process produces action chunks at
a high frequency, while the high-level process is invoked less
often, either after a set time or upon receiving new language
feedback. Thus, the high-level process essentially “talks” to
the low-level process, breaking down complex prompts and
interactions into bite-sized commands that can be converted
into actions.

A. Hierarchical Inference with VLAs

Formally, the high-level policyphi( ^̀
t jI 1

t ; :::; I n
t ; ` t ) takes in

the image observations and an open-ended prompt` t , and
produces an intermediate language command^̀

t . The low-
level policy plo(A t jI 1

t ; :::; I n
t ; ^̀

t ; qt ) takes in the same type
of observation as the standard VLA described in Section III,
except that the language command` t is replaced by the output
from the high-level policy^̀

t . Thus, following the System
1/System 2 analogy, the job of the high-level policy is to take
in the overall task prompt̀ t and accompanying context, in
the form of images and user interactions, and translate it into
a suitable task for the robot to do at this moment, represented
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