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Abstract

Augmenting Robotic Manipulation through Natural Language

Albert Yu, PhD student
The University of Texas at Austin, 2026

SUPERVISORS: Raymond Mooney, Roberto Martín-Martín

Despite rapid advances in language and vision models, current robots still lag

far behind human physical capabilities due to the relative scarcity of real-world data

compared to online text and images. How can we leverage abundant language data to

advance robotic capabilities? Language provides semantic structure that facilitates

the understanding of diverse data, improving sample efficiency in scarce data regimes.

It also provides a natural communicative medium when interacting with and learning

from humans.

To leverage the first benefit of language, we first take inspiration from how

humans teach each other in video tutorials, through simultaneous video and language

streams, to more efficiently teach robots new skills. We then show that language can

bridge wide visual sim2real gaps, enabling robots to learn tasks with just a few real-

world demonstrations by leveraging knowledge from imperfect simulation data. To

leverage the second benefit of language, we explore how dialog can enable robots to

solve complex manipulation tasks by communicating and collaborating with a wide

distribution of human collaborators in the real-world. We develop a robotic framework

that requests and proactively offers help through mixed-initiative, free-form dialog,

enabling the robot to adapt to changing human preferences and strategically utilize

each agent’s physical capabilities. Finally, to accelerate how robots learn to operate
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new household devices, we combine both benefits of language into a framework that

leverages semantics from rich textual corpora, such as user manuals, to establish skill

priors that are efficiently refined through active human dialog.

Overall, our thesis provides a foundation for leveraging the key benefits of

language to improve the generalization capabilities of robotic manipulation policies

to new tasks, domains, devices, and human collaborators.
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Chapter 1: Introduction

We envision robots as capable everyday helpers that can fetch items, cook,

and clean. While millions of robots operate today with high precision in struc-

tured environments like factories, transferring robotic capabilities to unstructured

(i.e., open-world) settings like households remains an open problem. Homes present

an unbounded variety of object and scene configurations, often making classical robot

control approaches brittle and unsafe. Because of this complexity, successful house-

hold robots have largely been limited to navigating robotic vacuums. Open-world

robotic manipulation remains a formidable research challenge.

1.1 Scarcity of Robotic Data

For a robot to manipulate objects intelligently in unstructured settings, it must

adapt to a dynamically changing world. Instead of pre-programmed motions, data

becomes necessary for robots to learn patterns of acting intelligently, performing real-

world tasks, and recovering from failures. While fields like natural language processing

and computer vision leverage internet-scale datasets, robotics suffers from a scarcity

of observation-to-action data.

Despite their potential in structured environments, the physical capabilities of

manipulation robots in unstructured environments still lag behind humans, primarily

due to the longstanding data scarcity in robotics. Data-hungry algorithms and archi-

tectures that serve well in data-abundant fields may not be the easiest path forward

for robotics, given the expensiveness of collecting real-world data and training large

models. How might we confront these issues?
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1.2 How Language Can Contribute to Robotics

To act in the world, a robot must first perceive the world through sight and/or

touch. After acting, the robot must observe the physical change it has caused to decide

its next action. This perception-action loop was the focus for robotic control for

several decades. However, as brought up in Section 1.1, paired perception and action

data for robotics is scarce and expensive, limiting the complexity and generalizability

of skills robots can learn. Other sources of data must be leveraged.

For several decades, natural language processing (NLP) was constrained to

applications like translation, semantic parsing, and entity recognition. For robots to

augment human physical capabilities, they must understand human need and intent,

which are most easily specified through language. Robots that coexist with and

serve humans must understand language, a modality not included in the traditional

perception-action paradigm.

Furthermore, language brings additional benefits to robotics. Individual words

are generally more abstract, conceptual, and meaningful than individual image pixels.

While images provide precision to guide robot movements, language provides the

ability for robots to extract semantic meaning from scarce data, associate rules-based

behavior to specific visual inputs, reason about objects in complex scenes, and plan

for long-horizon tasks.

Most importantly, freeform language data is plentiful and potent, as showcased

by the post-2022 success of LLMs trained on the textual soup of the internet. This

wealth of language-based knowledge has enabled incredible breakthroughs in auto-

mated programming, writing, and common-sense reasoning, but challenges remain in

bringing the generalization power of LLMs to physical tasks.
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1.3 Thesis Overview

Given these advantages of natural language, in this thesis, we focus on and

investigate two core lines of work to leverage natural language to expand robotic capa-

bilities. First, language is a compressed store of meaning through which we can more

efficiently learn from scarce robotics data. Second, language is a rich communicative

medium through which humans and robots can collaborate and adapt to each other

by expressing their intentions, preferences, and capabilities.

After establishing the technical preliminaries in Chapter 2, our first line of work

starts by exploring how semantic meaning captured in language can be exploited

to enable efficient learning for few-shot generalization to both new tasks and new

domains. In Chapter 3, we take inspiration from how humans teach each other in

video tutorials, through simultaneous video and language streams, to more efficiently

teach robots new skills. We show that providing natural language instructions along

with a single visual demonstration greatly improves sample efficiency when learning

novel tasks compared to previous methods that teach robots with only one modality.

However, sometimes it is expensive for humans to teach robots through multiple

simultaneous modalities in the real-world. Researchers have tried to leverage cheap,

abundant simulation data to train robots, but the sim2real domain gap often degrades

performance of simulation-trained policies. In Chapter 4, we show that language

can help shape the learning of visual representations to better bridge large visual

differences between sim and real, even when the sim2real gap is large and involves

hard-to-simulate deformable objects. This enables robots to generalize to real-world

domains with just a few real-world demonstrations.

Along the second line of work, in Chapter 5, we explore how language can

enable smooth human-robot collaboration to accomplish complex manipulation tasks

that the robot cannot easily learn during deployment. We argue that mixed-initiative

dialog, which enables either the robot or human to start a conversational thread, can

greatly facilitate human-robot collaboration, improving the adaptability of each agent
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to the other’s capabilities. We develop a robotic framework capable of collaborating

with a wide range of real human participants through bidirectional, mixed-initiative,

free-form dialog. Our method outperforms an LLM baseline by 50 percentage points

on long-horizon mobile manipulation tasks and was preferred by more than 75% of

the 18 participants.

Finally, Chapter 6 unifies these two lines of work with a framework that ex-

tracts manipulation skills from device user manuals. It first leverages the first benefit

of language as a store of semantic meaning to initialize skill and policy priors on new

devices. However, text alone lacks the high-precision geometric and force information

required for physical control. To acquire this missing information, our framework

leverages the second benefit of language as a communicative medium by actively

querying humans for on-demand feedback through natural dialog. Ultimately, this

combined approach transfers to new devices within a given category far more sample-

efficiently than existing continual learning baselines.

Looking beyond our contributions, Chapter 7 outlines promising future direc-

tions. We discuss how to further utilize language to accelerate reinforcement and

transfer learning, tap into richer forms of language beyond instructions, dialog, and

scene descriptions, and enable smoother, simultaneous human-robot interaction and

collaboration. We conclude in Chapter 8 with the expectation that future work along

these directions, extending the frameworks pioneered in this thesis, promises to enable

ever more capable and helpful robots that can in turn augment human productivity

on everyday tasks.
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Chapter 2: Background and Related Work

For robots to perform useful manipulation tasks in unstructured environments,

we established in Section 1.1 that robots need to learn intelligent patterns of behavior

from data. There are two main paradigms for doing so: imitation learning and

reinforcement learning.

2.1 Imitation Learning

In imitation learning (Pomerleau, 1988; Hussein et al., 2017), also known as

behavioral cloning (BC), we assume access to an expert teacher that provides demon-

strations of behaviors that the robot should imitate, conditioned on the observation

ot (i.e., RGB image and/or robot xyz end-effector position). Each expert demon-

stration (usually a human teleoperation of the robot) is collected as a sequence of

observation-action tuples indexed by the timestep t: [(ot, at), ...], where at represents

the action taken from observation ot (i.e., the commanded change in xyz position of

the robot’s end effector).

The goal of imitation learning is to train a policy πθ : ot 7→ at that maps obser-

vations to actions, where ot ∈ Rdo and at ∈ Rda . More commonly, πθ : ot 7→ P (at|ot),

a probability distribution over possible actions. We want to learn the parameters θ

of π, namely the weights of the neural network representing π, such that the error ε

is minimized between the policy-predicted action ât, and the expert demonstration

action at: ε = ||at − ât||22, where ât ∼ πθ(·|ot). There are two common losses used to

minimize ε: ℓ2 or log-likelihood. Let D be the set of demonstrations in our dataset,

each of which is a trajectory τi.

When using ℓ2 loss, the goal is to find the optimal policy parameters:

θ = argmin
θ

∑
τi∈D

∑
(ot,i,at,i)∼τi

||at,i − πθ(·|ot,i)||22 (2.1)
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where the outer sum is over all expert trajectories in our dataset, and the inner sum

is over all observation-action transitions in our trajectory.

When using log-likelihood loss, the goal is to find optimal policy parameters:

θ = argmin
θ

∑
τi∈D

∑
(ot,i,at,i)∼τi

− log πθ(at,i|ot,i) (2.2)

Essentially, this seeks to maximize the product of the policy’s probabilities of pre-

dicting all actions at,i in expert demo τi. This is the same optimization problem as

maximizing the sum of log probabilities of the policy, which is equivalent to minimiz-

ing the negative sum of log probabilities.

By following either of these objectives, we train a policy πθ to follow the

expert’s actions in observations seen by the expert and rely on the interpolative

power of neural networks to be robust to small deviations in the observation from the

training distribution.

2.2 Reinforcement Learning

Often, expert demonstrations are hard to obtain. For instance, human expert-

level teleoperation is difficult on multi-legged robots. Additionally, imitation learning

yields policies upperbounded by the expert’s performance. These considerations may

make reinforcement learning (RL) better suited for training robots. Instead of expert

demonstrations, RL requires a reward function (i.e., performance metric) that mea-

sures how good or bad a state-action pair is toward achieving the task (Sutton and

Barto, 2018).

RL operates in a Markov-Decision Process (MDP), defined as a tuple M =

(S,A,R, S ′,P), where S is the set of start states from where actions A can be taken,

S ′ is the set of next states the agent lands in after taking an action, P : S×A→ P (S ′)

is the conditional probability distribution over next states after taking action a ∈ A

from state s ∈ S. At each timestep, the agent receives scalar reward R(s, a), where

R is a function mapping states and actions to a scalar.
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The policy randomly explores the state-action space and finds a sequence of

actions to maximize the sum of discounted rewards:

E(st,at,st+1)

[
∞∑
t=0

γtR(st, at)

]
(2.3)

Let π(·|st) represent the action predicted by the policy from state st. We

define two functions that correspond to the “goodness” of a state when acting under

a policy π. The first is the value function, or the expected sum of discounted rewards

that the policy collects from state s0 to termination.

V π(s0) = E

[
∞∑
t=0

γtR
(
st, π(·|st)

)]
(2.4)

= R(s0, π(·|s0)) + γE

[
∞∑
t=0

γtR
(
st+1, π(·|st+1)

)]
(2.5)

= R
(
s0, π(·|s0)

)
+ γV π(s1) (2.6)

The second is the quality function, or the expected reward from state s0, taking

action a0, with all future actions dictated by policy π.

Q(s0, a0) = R(s0, a0) + γQπ(s1, a1) (2.7)

Both V and Q can be defined recursively, as seen above, which is key to

learning these functions using one of many RL algorithms for the policy to learn to

perform optimal actions. We refer the reader to surveys detailing different classes of

RL algorithms (Arulkumaran et al., 2017; Ghasemi et al., 2024).

Multiple works have explored using language to shape the reward function

R for an RL agent (Nair et al., 2021b; Goyal et al., 2019, 2020; Fan et al., 2022;

Ma et al., 2023, 2024a). Some researchers have specifically explored using language

models (LLMs) to generate code to tune a reward function when training robotic RL

policies (Ma et al., 2024b; Yu et al., 2023a).
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2.3 Multitask Learning

So far, we have discussed training our policy π to perform a specific task, either

through imitation learning or RL. However, in unstructured environments, we want

robots to be able to perform a wide range of tasks. Under the current tools discussed,

we would need to train a single-task policy from scratch for each new task we want

the robot to perform. This is unscalable and prevents us from leveraging data for

one task in learning a related second task. To overcome these problems, multitask

learning (Wilson et al., 2007a; Taylor and Stone, 2009) is necessary.

Earlier in the section, our policy was conditioned on only the state or obser-

vation π : S → P (A). However, a multitask policy π may need to output different

actions from the exact same state, depending on what the task is. Thus, we addi-

tionally condition π on a task conditioning vector C, so π : S×C → P (A). C can be

as simple as a one-hot vector, goal image embedding, or natural language instruction

embedding.

Work in multi-task learning suggests that training on a wide range of tasks,

instead of the single target task, helps the robot learn shared perceptual representa-

tions across the different tasks, improving generalization (Kalashnikov et al., 2021; Yu

et al., 2019). The most straightforward way to condition multi-task policies is through

one-hot vectors (Ebert et al., 2021; Kalashnikov et al., 2021; Walke et al., 2022; Yu

et al., 2021b). Multi-task robotic policies have also been studied in other settings

and contexts, such as hierarchical goal-conditioned policies (Gupta et al., 2022a),

probabilistic modeling techniques (Wilson et al., 2007b), distillation and transfer

learning (Parisotto et al., 2015; Teh et al., 2017; Xu et al., 2020; Rusu et al., 2015),

data sharing (Espeholt et al., 2018; Hessel et al., 2019), gradient-based techniques (Yu

et al., 2020), policy modularization (Andreas et al., 2017; Devin et al., 2017) and task

modularization (Yang et al., 2020). However, one-hot conditioning fails to leverage

similarity information between related tasks. We propose an approach to address this

issue in Section 3.
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2.4 Vision and Language

Researchers have explored how to ground natural language in visual con-

cepts or objects by developing models that can understand both visual and textual

modalities. Vision-language research first found success with problems like visual

question-answering (VQA; Agrawal et al. (2015); Marino et al. (2019)), image cap-

tioning (Socher et al., 2014; Kiros et al., 2014; Mao et al., 2014; Vinyals et al., 2014),

and video captioning (Venugopalan et al., 2015; Yao et al., 2015) in the mid 2010s.

The first attempts at training models for the inverse problems of text-to-image gen-

eration (Mansimov et al., 2015; Reed et al., 2016) and text-to-video generation (Pan

et al., 2017; Li et al., 2017) came shortly after.

Transformers arose as a neural architecture for pure language tasks but soon

unified the processing of both images and text with the first vision-language trans-

formers (Lu et al., 2019; Sun et al., 2019; Li et al., 2019; Tan and Bansal, 2019; Su

et al., 2019; Chen et al., 2019), some of which have been applied to robotic con-

trol (Shridhar et al., 2021; Zeng et al., 2020; Shridhar et al., 2022; Cui et al., 2022;

Zeng et al., 2022; Brohan et al., 2023, 2022). In addition to architectures, researchers

have also examined learning better vision-language joint representations (Radford

et al., 2021; Zhai et al., 2021; Zhu et al., 2023) to improve robotic control (Nair et al.,

2022; Shridhar et al., 2021, 2022).

These prior works in vision-language research form the technical basis of en-

abling language-conditioned, vision-based robotics in the real-world. However, visual

representations learned from these prior approaches yield robotic policies that largely

fail to generalize to large domain shifts. We address this problem in Section 4.

2.5 Natural Language for Robot Task Specification

As mentioned in Section 2.3, multitask policies take in context C, which can

be in the form of a natural language embedding of the task instruction, making it

a language-conditioned multitask policy (Jang et al., 2021; Lynch and Sermanet,
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2021; Mees et al., 2021, 2022; Shao et al., 2020; Sodhani et al., 2021; Silva et al.,

2021; Karamcheti et al., 2021; Garg et al., 2022). Pretrained language embedding

spaces normally preserve a notion of semantic similarity through distance—that is,

two strings similar in meaning will be encoded into two language embeddings close

in vector-space distance. This means that language-conditioned multitask policies

have two benefits: robustness (slight rewordings of the language instruction do not

meaningfully change the language embedding) and generalizability to new tasks (a

new, related task will have a language embedding close to those of semantically related

training tasks). However, teaching robots only through language can lead to a lot of

ambiguities, which we address in Section 3.

LLMs have also been used as task planners (Huang et al., 2022; Ahn et al.,

2022; Chen et al., 2022; Raman et al., 2023; Choi et al., 2025; Luo et al., 2023), as

code generators that dictate a robotic policy’s behavior (Liang et al., 2022; Li et al.,

2024a; Huang et al., 2023), and as part of a hierarchical policy where the higher level

produces language and the lower level produces fine-grained robot actions (Shi et al.,

2025, 2024; Belkhale et al., 2024).

2.6 Natural Language for Multi-Agent and Human-Robot In-
teraction

While language can serve as a one-way communication medium to teach or

instruct robots, it can also facilitate bidirectional dialog to enable Human-Robot In-

teraction (HRI). Some systems integrate LLMs as task planners or delegators (Wang

et al., 2024; Mandi et al., 2023; Feng et al., 2024) for tasks like real-world cook-

ing (Wang et al., 2024) and object sorting (Mandi et al., 2023), where task delega-

tions are communicated through dialog. Other systems implement a leader-follower

paradigm in simulated worlds, where the leader instructs the follower in natural lan-

guage (Suhr et al., 2022; Kojima et al., 2021; Team et al., 2022; Gao et al., 2023).

Another line of work empowers the robot to request assistance (Bennetot et al.,
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2020; Knepper et al., 2013; Veloso et al., 2015) or inform humans about their observa-

tions (Chen et al., 2010; Mutlu et al., 2006; Cascianelli et al., 2018). Researchers have

also studied multi-agent communication for ad-hoc teamwork in a simplified symbolic

language (Barrett et al., 2014) or in natural lanugage, where one agent asks while the

other responds (Macke, 2023).

We argue that these prior works do not exploit the full flexibility of language

as a communicative medium to the extent needed for adaptable and versatile human-

robot collaboration. To this end, we present a new human-robot dialog framework

in Section 5 that enables both agents to smoothly seize and relinquish initiative in

long-horizon collaborative tasks, allowing agents to mutually adapt to each other’s

capabilities to improve task success and user satisfaction.

2.7 Active Learning with Language

In imitation learning (Sec. 2.1), a human usually provides a set of demon-

strations upfront to the robot to teach it a new task, and the robot processes these

demonstrations on its own to learn a policy. However, if the human is still available

while a robot is learning, the robot may learn faster by querying the human for spe-

cific information—a paradigm known as active learning. In the robot learning and

language grounding domains, active learning is most commonly used to learn new

concepts, such as plan steps (Nyga et al., 2018), prepositional phrases (Kulick et al.,

2013), and unknown skills and task structures (Gu et al., 2026).

In learning new concepts, agents often struggle to ground novel linguistic con-

cepts due to out-of-vocabulary terms or semantic ambiguity. To mitigate this, prior

work has studied how agents can formulate clarification questions within the active

learning paradigm (Deits et al., 2013; Thomason et al., 2015; Ren et al., 2023). In

other instances during human interaction, agents should occasionally sacrifice imme-

diate task efficiency by asking off-topic questions to learn concepts for future use.

Leveraging this insight, Padmakumar et al. (2018b); Thomason et al. (2017b) intro-
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duce opportunistic active learning for interactive object retrieval. Finally, Thomason

et al. (2018, 2019a); Padmakumar and Mooney (2021) combine both opportunistic

active learning and clarification questions into a single active learning robotics system

with a three-part objective: learn new concepts opportunistically, clarify ambiguities,

and maximize task success. In Chapter 6, we perform a form of active learning, but

unlike prior work, the robot does not query the human for skill feedback unless it

self-detects a failure in its skill execution.

2.8 Code-based Policy Representations

While end-to-end neural networks are the most common policy architectures

for imitation learning (Sec. 2.1) and reinforcement learning (Sec. 2.2), a new policy

representation has emerged in the last four years for language-conditioned robotic

tasks. The dramatic improvement in code generation and semantic scene under-

standing capabilities of LLMs has driven the rise of code-based policy representa-

tions (Liang et al., 2022; Singh et al., 2022; Arenas et al., 2024), where an LLM

processes a task instruction and creates functions in code that call a base robot API.

The LLM uses in-context learning, where it infers patterns from previous program

examples to produce higher-quality outputs (Brown et al., 2020). The generated code

serves as an executable policy, guiding the robot’s motions to complete the task. Code

is a versatile policy representation for language-conditioned robotics and has been

leveraged to encode 3D voxel-based cost functions for trajectory optimization (Huang

et al., 2023), make decisions complying with user preferences (Wu et al., 2023a), rea-

son through chain-of-thought as code execution predictions (Li et al., 2024b), and

integrate with 3D position proposals for greater spatial precision (Mu et al., 2024).

In Chapter 5, we borrow the code-based policy representation for manipulation

and apply it to the domain of collaborative manipulation through dialog, where the

adaptiveness of code generated at each timestep enables the robot to strategically

communicate and collaborate with a human. In Chapter 6, we explore how to leverage
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large-scale textual corpora and human language feedback to improve the quality of

code-based policies.
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Chapter 3: Using Both Demonstrations and
Language Instructions to Efficiently Learn Robotic

Tasks

As outlined in Section 1.3, the first core line of this thesis investigates how

language can serve as a semantic prior to generalize to new robotic tasks from scarce

data. Based on work published at ICLR 2023 (Yu and Mooney, 2022), this chapter

explores how combining this language-based semantic prior with visual data allows

average users to teach household robots far more efficiently than using a single modal-

ity.

3.1 Introduction

Household robot deployment is heavily hindered by the fact that novice users

cannot teach them new tasks with minimal time and effort. Recent work in multi-task

learning suggests that training on a wide range of tasks, instead of the single target

task, helps robots learn shared perceptual representations across the different tasks,

improving generalization (Kalashnikov et al., 2021; Yu et al., 2019; Jang et al., 2021;

Shridhar et al., 2021). We study the problem of how to more efficiently specify new

tasks for multi-task robotic policies while also improving performance.

Humans often learn complex tasks through multiple concurrent modalities,

such as simultaneous visual and linguistic (speech/captioning) streams of a video

tutorial. One might reasonably expect robotic policies to also benefit from multi-

modal task specification. However, previous work in multitask policies condition only

on a single modality during evaluation: one-hot embeddings, language embeddings,

or demonstration/goal-image embeddings. Each has limitations.

One-hot encodings for each task (Kalashnikov et al., 2021; Ebert et al., 2021)

suffice for learning a repertoire of training tasks but perform very poorly on novel
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Figure 3.1: DeL-TaCo Overview. Unlike current multitask methods that condition
on a single task specification modality, DeL-TaCo simultaneously conditions on both
language and demonstrations during training and testing to resolve any ambiguities
in either task specification modality, enabling better generalization to novel tasks and
significantly reducing teacher effort for specifying new tasks.

tasks where the one-hot embedding is out of the training distribution, since one-hot

embedding spaces do not leverage semantic similarity between tasks to more rapidly

learn additional tasks. Conditioning policies on goal-images (Nair et al., 2017, 2018;

Nasiriany et al., 2019) or training on video demonstrations (Smith et al., 2020; Young

et al., 2020) often suffer from ambiguity, especially when there are large differences

between the environment of the demonstration and the environment the robot is

in, hindering the understanding of a demonstration’s true intention. In language-

conditioned policies (Blukis et al., 2018, 2019; Mees et al., 2021, 2022), issues of

ambiguity are often even more pronounced, since humans specify similar tasks in

very linguistically dissimilar ways and often speak at different levels of granularity,

skipping over common-sense steps and details while bringing up other impertinent

information. Grounding novel nouns and verbs not seen during training compounds

these challenges.
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We posit that in a broad category of tasks, current unimodal task represen-

tations are often too inefficient and ambiguous for novel task specification. In these

tasks, current task-conditioning methods would need either a large number of di-

verse demonstrations to disambiguate the intended task, or a long, very detailed,

fine-grained language instruction. Both are difficult for the average user to provide.

We argue that conditioning the policy on both a demonstration and language not

only ameliorates the ambiguity issues with language-only and demonstration-only

specifications, but is much easier and more cost-effective for the end-user to provide.

We propose DeL-TaCo (Figure 3.1), a new task embedding scheme comprised

of two component modalities that contextually complement each other: demonstra-

tions of the target task and corresponding language descriptions. To our knowledge,

this is the first work to demonstrate that specifying new tasks to robotic multi-task

policies simultaneously with both demonstrations and language reduces teacher effort

and improves generalization performance, two important characteristics of deployable

household robots. With bimodal task embeddings, ambiguity is bidirectionally re-

solved: instructions disambiguate intent in demonstrations, and demonstrations help

ground novel noun and verb tokens by conveying what to act on, and how. To learn

several hundred tasks, we train a single imitation learning (IL) policy, conditioned

on joint demonstration-language embeddings, to predict low-level continuous-space

actions for a robot given image observations. Task encoders are trained jointly with

the policy, making our model fully differentiable end-to-end.

To summarize, our main contributions are as follows: (1) We present a broad

distribution of highly-randomized simulated robotic pick-and-place tasks where in-

structions or demonstrations alone are too ambiguous and inefficient at specifying

novel tasks. (2) We propose a simple architecture, DeL-TaCo, for training and inte-

grating demonstrations and language into joint task embeddings for few-shot novel

task specification. This framework is flexible and learning algorithm-agnostic. (3)

We show that DeL-TaCo significantly lowers teacher effort in novel task-specification
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and improves generalization performance over previous unimodal task-conditioning

methods.

3.2 Related Work
3.2.1 Multi-task Learning

The most straightforward way to condition multi-task policies is through one-

hot vectors (Ebert et al., 2021; Kalashnikov et al., 2021; Walke et al., 2022; Yu

et al., 2021b). We instead use embedding spaces that are shaped with pretrained

language models so that semantically similar tasks are encoded in similar regions of

the embedding space, which helps improve generalization. Multi-task robotic policies

have also been studied in other settings and contexts that do not fall under the class of

approaches we take in this paper, such as hierarchical goal-conditioned policies (Gupta

et al., 2022a), probabilistic modeling techniques (Wilson et al., 2007b), distillation

and transfer learning (Parisotto et al., 2015; Teh et al., 2017; Xu et al., 2020; Rusu

et al., 2015), data sharing (Espeholt et al., 2018; Hessel et al., 2019), gradient-based

techniques (Yu et al., 2020), policy modularization (Andreas et al., 2017; Devin et al.,

2017) and task modularization (Yang et al., 2020).

3.2.2 Learning with Language and Demonstrations

3.2.2.1 Conditioning Multitask Policies on Language or Demonstrations

Our work largely tackles the same problem as BC-Z (Jang et al., 2021) of gen-

eralizing to novel tasks with multi-task learning. BC-Z trains a video demonstration

encoder to predict the pretrained embeddings of corresponding language instructions,

while jointly training a multi-task imitation learning policy conditioned on either the

instruction or demonstration embeddings. Lynch and Sermanet (2021); Mees et al.

(2021) learn a similar policy conditioned on either language or goal images. All of

these approaches learn to map a demonstration or goal image to a similar embedding

space as its corresponding language instruction. During training, Mees et al. (2022)
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use both demonstrations and language to learn associations between demonstration

embeddings and language-conditioned latent plans, but during evaluation, only use

the language embedding to produce a latent plan. With a slightly different architec-

ture, Shao et al. (2020) learn a policy that maps natural language verbs and initial

observations to full trajectories by training a video classifier on a large dataset of

annotated human videos.

While all of these prior approaches use both demonstrations and language dur-

ing training, their policies are conditioned on either a language instruction or visual

image/demonstration embedding during testing. By contrast, ours is conditioned on

both demonstration and language embeddings during training and testing, which we

show improves generalization performance and reduces human teacher effort on a

broad category of tasks.

3.2.2.2 Pretrained Multi-modal Models for Multitask Policies

Another recent line of work leverages pretrained vision-language models to

learn richer vision features for downstream policies. CLIPort (Shridhar et al., 2021)

uses pre-trained CLIP (Radford et al., 2021) to learn robust Transporter-based (Zeng

et al., 2020) robot policies. Our method resembles CLIPort, its 3-dimensional suc-

cessor PerAct (Shridhar et al., 2022), and the previously mentioned multi-task policy

methods in that we train on expert trajectories associated with language task descrip-

tions. However, in CLIPort and PerAct, the policy is only conditioned on language

during training and testing; demonstrations are used only as buffer data for imitation

learning. Our method, in contrast, learns tasks during training or testing by using

both language and a demonstration to condition the policy.

ZeST (Cui et al., 2022) and Socratic Models (Zeng et al., 2022) demonstrate

that pretrained vision-language models encode valuable information for robotic goal

selection and task specification. R3M (Nair et al., 2022) pretrains a ResNet (He et al.,

2015) policy backbone on language-annotated videos from Ego4D (Grauman et al.,
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2021) to boost downstream task performance. While our motivation is similar to

ZeST in using a pretrained language model to leverage the structure of the pretrained

embedding space, we assume access to both language and demonstrations for learning

novel tasks and condition on task embeddings from both, which is unlike the ZeST

and R3M problem settings where the policies are not directly task-conditioned.

3.2.3 Other Applications of Language for Robotics

3.2.3.1 Language-shaped state representations

On the MetaWorld multitask benchmark (Yu et al., 2019), a number of prior

works have investigated using language instructions to learn better state represen-

tations. Sodhani et al. (2021) use language instruction embeddings to compute an

attention-weighted context representation over a mixture of state encoders. Silva

et al. (2021) learn a goal encoder that transforms language instruction embeddings

to shape the state encoder representations.

3.2.3.2 Hierarchical Learning with Language

Our approach can be loosely framed as hierarchical learning, where we have

two high-level task encoders that output language and demonstration embeddings,

both of which the low-level policy is conditioned on to output actions. Prior work

has used language instructions in hierarchical learning for shaping high-level plan

vectors (Mees et al., 2022) or skill representations (Garg et al., 2022), which are

then fed to a low-level policy to output the action. Karamcheti et al. (2021) use

an autoencoder-based architecture to predict higher-dimensional robot actions from

lower-dimensional controller actions and language instructions, where the language

is fed into both the encoder and decoder. All of these prior approaches condition

on a single high-level policy, whereas ours incorporates guidance from two high-level

encoders for both demonstrations and language to learn novel tasks, giving the low-

level policy access to certain information expressible only through their combination.
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3.2.3.3 Language for Rewards and Planning

Language has also been used for reward shaping in RL (Nair et al., 2021b;

Goyal et al., 2019, 2020). Pretrained language models have also been leveraged for

their ability to propose plans in long-horizon tasks (Huang et al., 2022; Ahn et al.,

2022; Chen et al., 2022). While we work with IL instead of RL and mainly deal

with highly variable pick-and-place tasks, we do not use language for training reward

functions or for planning, though our multi-modal task specification framework is

compatible with these additional uses of language.

3.3 Problem Setting
3.3.1 Multi-task Imitation Learning

We define a set of n tasks {Ti}ni=1 and split them into training tasks U and test

tasks V , where (U, V ) is a bipartition of {Ti}ni=1. For each task Ti, we assume access

to a set of m expert trajectories {τij}mj=1 and a single language description li. Given

continuous state space S, continuous action space A, and task embedding space Z,

the goal is to train a Markovian policy π : S×Z→ Π(A) that maps the current state

and task embeddings to a probability distribution over the continuous action space.

During training, we assume access to a buffer Dtrain of trajectories for only the

tasks in U and their associated natural language descriptions. We define each trajec-

tory as a fixed-length sequence of state-action pairs τij =
[(

s
(i)
0,j, a

(i)
0,j

)
,
(
s
(i)
1,j, a

(i)
1,j

)
, ...

]
,

where j is the trajectory index for task Ti ∈ U with task embedding zi. We use behav-

ioral cloning (BC) (Hussein et al., 2017; Pomerleau, 1988) to update the parameters of

π to maximize the log probability of π
(
a
(i)
t,j

∣∣s(i)t,j , zi

)
, though our framework is agnostic

to the learning algorithm and would work for RL approaches as well.

During evaluation, we assume access to a buffer Dval of trajectories for only

the tasks in V and their associated natural language descriptions. Unlike Dtrain where

we have m demonstrations for each task, in Dval we have just a single demonstration

for each task. For all test tasks Ti ∈ V , we rollout the policy for a fixed number
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of timesteps by taking action at ∼ π(a|st, zi). The zi for all test tasks is computed

beforehand and held constant throughout each test trajectory.

3.3.2 Task Encoder Networks

To obtain the task embedding zi, we have two encoders (which are either

trained jointly with policy π or frozen from a pretrained model): a demonstration

encoder, fdemo : τij 7→ zdemo,i mapping trajectories of task Ti to demonstration em-

beddings, and a language encoder, flang : li 7→ zlang,i mapping task instruction strings

li to language embeddings. Previous work has explored using zi as a one-hot task

vector, language embedding zlang,i, or goal image/demonstration embedding zdemo,i,

but our approach DeL-TaCo uses task embedding zi = [zdemo,i, zlang,i] based on both

the instruction and demonstration embedding during training and testing to learn

novel tasks.

3.4 Method
3.4.1 Architecture

Demonstration Encoder. The encoder fdemo is a CNN network trained

from scratch. Following Jang et al. (2021), we input the demonstration as an array

of m×n frames (in raster-scan order) from the trajectory for faster processing. We use

(m,n) = (1, 2) or (2, 2) in our experiments, depending on whether fdemo is trained

from scratch, or is a pretrained network that requires square-shaped images. The

m× n image array consists of observations from the first timestep, the last timestep,

and mn−2 other randomly selected timesteps from the trajectory, arranged in raster-

scan order. This sparse sampling of frames suffices for our tasks because we do

not experiment with long-horizon tasks, so including more frames did not improve

performance.

Language Encoder. We freeze a pretrained miniLM (Wang et al., 2020) as

the encoder flang, where zlang,i is simply the average of all miniLM-embedded tokens
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Figure 3.2: Method Architecture. DeL-TaCo uses three main networks: the policy
π, a demonstration encoder fdemo, and a language encoder flang. During both training
and testing, the policy is conditioned on the demonstration and language embeddings
for the task.

in li, as we found this works better than taking the [CLS] token embedding.

Policy Network. We use a ResNet-18 (He et al., 2015) as the visual backbone

for the policy π, followed by a spatial softmax layer (Finn et al., 2016) and fully

connected layers.

Task Conditioning Architecture. BC-Z (Jang et al., 2021) inputs the task

embedding into the ResNet backbone via FiLM (Perez et al., 2018) layers, which apply

a learned affine transformation to the intermediate image representations after each

residual block. BC-Z’s task embeddings are either from demonstrations or language.

Since our policy conditions on both, the main architectural decision was finding the

best way to feed task embeddings from multiple modalities into the policy.

Empirically, a simple approach performed best. The demonstration embed-

dings zdemo are fed into the policy’s ResNet backbone via FiLM, while the language

task embeddings zlang and robot proprioceptive state (6 joint angles, end-effector
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xyz coordinates, and gripper open/close state) are concatenated to the output of the

spatial softmax layer. Our full network architecture is shown in Figure 3.2, hyperpa-

rameters are in Sec. 3.4.3, and architectural ablations are in Table 3.10.

3.4.2 Training and Losses

The training procedure for DeL-TaCo is summarized in Algorithm 1. During

each training iteration, we sample a size k subset of training tasks M = {Tm1 , ..., Tmk
} ⊂

U . Given a trajectory τij for task Tmi
and corresponding natural language instruc-

tion li, we compute the demonstration embeddings zemb,mi
= fdemo(τij) and language

embeddings zlang,mi
= flang(li). We collect the embeddings of tasks in M in matrices

Zdemo = [zdemo,m1 , ..., zdemo,mk
] and Zlang = [zlang,m1 , ..., zlang,mk

].

To train the demonstration encoder, Jang et al. (2021) use a cosine distance

loss to directly regress demonstration embeddings to their associated language embed-

dings. However, this causes demonstration embeddings to be essentially equivalent to

the associated language embeddings for each task, undercutting the value of passing

both to our policy. To preserve information unique to each modality while enabling

the language and demonstration embedding spaces to shape each other, we train with

a CLIP-style (Radford et al., 2021) contrastive loss for our demonstration encoder:

Ldemo(Zdemo, Zlang) = CrossEntropy

(
1

β
Z⊤

demoZlang, I

)
(3.1)

where I is the identity matrix and β is a tuned temperature scalar. For some tra-

jectory of state-[xyz action, gripper action] pairs xt,i,j =
(
s
(i)
t,j ,

[
a
(i)
t,j , g

(i)
t,j

])
extracted

from expert demonstration τij for task Tmi
, we use a weighted combination of stan-

dard BC log-likelihood loss for the xyz actions and MSE loss for the gripper actions.

We abbreviate zl and zd for zlang and zdemo:

Lπ(τij) =
∑

xt,i,j∈τij

− log π
(
a
(i)
t,j

∣∣s(i)t,j , zd,mi
, zl,mi

)
+ αg

∥∥∥g(i)t,j − πg

(
s
(i)
t,j , zd,mi

, zl,mi

)∥∥∥
2

(3.2)
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π outputs a distribution over xyz actions, and the gripper head πg of the policy

network outputs a scalar ∈ [0, 1] for the gripper action trained on a tuned αg > 0.

Both fdemo and π networks are trained jointly with the following loss, for a tuned

αd > 0:

L(π, fdemo, flang) = Lπ(τij) + αdLdemo(Zdemo, Zlang) (3.3)

Note Lπ(τij) is summed over all trajectories in the batch of training tasks M (double

summation in Equation 3.2 ommitted for brevity). flang has no loss term because we

freeze the pretrained language model and rely on its pretrained embedding space to

shape the demonstration encoding space.

3.4.3 Detailed Architecture and Hyperparameters

See Figure 3.3 for a detailed diagram of the policy and demonstration encoder

(for a higher-level overview, see Figure 3.2). For the policy backbone, we use a

ResNet-18 architecture but made changes to the strides and number of channels to

adapt the network to our small image size. Policy hyperparameters are shown in

Table 3.1, Demo encoder hyperparameters are in and Table 3.2, and IL training

hyperparameters are in Table 3.3. In each training iteration, we sample 16 random

tasks from our training buffer and get 64 samples for each task, for a total batch size

of 1024.

Table 3.3: Imitation learning hyperparameters.

Attribute Value
Number of Tasks per Batch 16
Batch Size per Task 64
Learning Rate 3× 10−4

Gripper Loss Weight (αg in Lπ) 30.0
Task Encoder Weight (αd in L) 10.0
Contrastive Learning Temperature (β in Ldemo) 0.1
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Figure 3.3: Architecture and Hyperparameter Details

3.4.4 Evaluation

During evaluation, we want the robot to perform some novel task Tv ∈ V .

Recall that Tv /∈ U , our set of training tasks. From our problem setup description in

Sec. 3.3.1, we have access to a validation task buffer Dval with a single demonstration

τv and a natural language instruction lv for task Tv. We encode the demonstration
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Table 3.1: Policy π hyperparameters.

Attribute Value
Input Height 48
Input Width 48
Input Channels 3
Number of Kernels [16, 32, 64, 128]
Kernel Sizes [7, 3, 3, 3, 3]
Conv Strides [1, 1, 1, 1, 1]
Maxpool Stride 2
Fully Connected Layers [1024, 512, 256]
Hidden Activations ReLU
FiLM input size 768
FiLM hidden layers 0
Spatial Softmax Temperature 1.0
Learning Rate 3× 10−4

Policy Action Distribution Multivariate Isotropic Gaussian N(µ, σ)
Policy Outputs (µ, σ)
Image Augmentation Random Crops
Image Augmentation Padding 4

with fdemo and the language with flang and pass both task embeddings to the policy.

Details are summarized in Algorithm 2.

Algorithm 1 DeL-TaCo: Training
Input: Dtrain

1: while not done do
2: M ← k random train tasks from U
3: Sample Xi = {τij}b−1

j=0 ∼ Dtrain
4: X ← {Xi|Ti ∈M}
5: L ← {li|Ti ∈ M} // Lang. instruc-

tions
6: Zdemo ← fdemo(X) // Demo encoder
7: Zlang ← flang(L) // Language en-

coder
8: Update π, fdemo on

L(π, fdemo, flang) // per Eqn. 3.3
9: end while

Algorithm 2 DeL-TaCo: Evaluation
Input: Dval

1: for validation task Tv in V do
2: Get 1 demo τv and language lv from

Dval
3: zdemo ← fdemo(τv) // Encode demo
4: zlang ← flang(lv) // Encode language
5: for time t = 0, ..., H − 1 do
6: Take action at ∼

π(a|st, zdemo, zlang)
7: end for
8: end for
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Table 3.2: fdemo CNN hyperparameters.

Attribute Value
Demonstration frames First and last timesteps
Demonstration image array size (m,n) (1, 2)
Input Height (m· Image height) 48
Input Width (n· Image width) 96
Input Channels 3
Output Size 768
Kernel Sizes [3, 3, 3]
Number of Kernels [16, 16, 16]
Strides [1, 1, 1]
Fully Connected Layers [1024, 512, 256]
Hidden Activations ReLU
Paddings [1, 1, 1]
Pool Type Max 2D
Pool Sizes [2, 2, 1]
Pool Strides [2, 2, 1]
Pool Paddings [0, 0, 0]
Image Augmentation Random Crops
Image Augmentation Padding 4

3.5 Experimental Setup
3.5.1 Environment

Example Training Tasks Example Test Tasks

Name

Color

Shape

Object
Identifier Type

“Put circular table in red bin.” “Put metal plate in front bin.”

“Put yellow colored object in left bin.” “Put black and white colored object in left bin.”

“Put vase-shaped object in back bin.” “Put trapezoidal-shaped object in green bin.”

Figure 3.4: Sample train and test tasks,
grouped by the object identifier types (underlined
in each language instruction). All 6 container iden-
tifiers are seen in both training and testing.

We develop a Pybullet

(Coumans and Bai, 2007-2022)

simulation environment with a

WidowX 250 robot arm, 32 pos-

sible objects of diverse colors

and shapes for manipulation,

and 2 different containers. The

action space is continuous, rep-

resenting an (x, y, z) change in

the robot’s end effector position,
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plus the binary gripper state

(closed/opened). We subdivide the workspace into four quadrants. Two quadrants

are randomly chosen to contain the two different containers, and three of the 32 pos-

sible objects are dropped at random locations in the remaining two quadrants. RGB

image observations are size 48× 48× 3 and fed into the policy. The input format of

each demo for fdemo is an m× n array of images extracted from the trajectory.

3.5.2 Tasks

3.5.2.1 Task Objective

We design the following set of pick-and-place tasks where the objective is to

grasp the target object and place it in the target container. Both the target object

and container can be inferred from the demonstration and language instruction. In

every task, the scene contains three visually distinct objects (of which exactly one of

them is the target object) and two visually distinct containers (of which exactly one

of them is the target container). Thus, a robotic policy that disregards both the task

demonstration and instruction and picks any random object and places it into any

random container would solve the task with 1-in-6 odds.

3.5.2.2 Template Language Instructions for Each Task

Figure 3.4 shows a selection of our training and testing tasks. Each task is

specified through language with a single template-based instruction of the format “put

[target object identifier] in [target container identifier].”

We make this environment more challenging by having task instructions refer

to containers by either their color or quadrant position and objects by either their

name, color, or shape. We use six different container identifiers in the task instructions

to convey which container to drop the object in: red, green, front, back, left, and

right. Thus, if the robot is provided a demonstration of grasping a cup and placing

it in the red container in the front left quadrant, and it encounters an initialization
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with the containers in different locations, it does not know whether to place the cup

in the red, front, or left container. This ambiguity can only be resolved with the

language instruction. Conversely, aspects of the task, such as which object to grasp,

are most clearly expressed through the demonstration rather than the instruction,

since for novel tasks, the language instruction contains object identifiers unfamiliar

to the policy. The task instructions also refer to the objects through different types

of identifiers: their unique names (32 strings such as “fountain vase”), color (8 strings

such as “black-and-white colored object”), or shape (10 strings such as “trapezoidal

prism shaped object”).

The multiple identifiers help simulate ambiguity that arises from informal hu-

man instructions, where different humans may refer to the same object or container

through different attributes, enabling demonstrations and instructions to complement

each other when the robot learns a new task. In total, there are 50 target object iden-

tifiers (32 + 8 + 10) and 6 target container identifiers, giving us 300 pick-and-place

tasks. We train and evaluate on a bipartition of these 300 tasks. See Sec. 3.5.2.3 for

a list of all our train and test tasks.

Recall that we use the following template as the language instruction for each

task: “Put [target object identifier string] in [target container identifier string].” For

each object identifier, we build a string referring to the target obj in a specific format

shown in Table 3.4.

Table 3.4: Object Identifier String Format for each Object Identifier Type.

Object Identifier Type Target Object Identifier String
Name “[object color] colored, [object shape] shaped [object name]”
Color “[object color] colored object”
Shape “[object shape] shaped object”

Example task instructions (with target object identifier and target container

strings underlined):
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• Task 4: “Put black and white colored, chalice shaped smushed dumbbell in green

bin.”

• Task 292: “Put cup shaped object in right bin.”

3.5.2.3 List of Tasks

Table 3.5: Object and Container Identifiers

Object Identifier Type Object Identifier Container Identifier
green red front back left right

name

conic cup 0 50 100 150 200 250
fountain vase 1 51 101 151 201 251
circular table 2 52 102 152 202 252
hex deep bowl 3 53 103 153 203 253

smushed dumbbell 4 54 104 154 204 254
square prism bin 5 55 105 155 205 255

narrow tray 6 56 106 156 206 256
colunnade top 7 57 107 157 207 257

stalagcite chunk 8 58 108 158 208 258
bongo drum bowl 9 59 109 159 209 259

pacifier vase 10 60 110 160 210 260
beehive funnel 11 61 111 161 211 261

crooked lid trash can 12 62 112 162 212 262
toilet bowl 13 63 113 163 213 263
pepsi bottle 14 64 114 164 214 264
tongue chair 15 65 115 165 215 265

modern canoe 16 66 116 166 216 266
pear ringed vase 17 67 117 167 217 267
short handle cup 18 68 118 168 218 268

bullet vase 19 69 119 169 219 269
glass half gallon 20 70 120 170 220 270

flat bottom sack vase 21 71 121 171 221 271
trapezoidal bin 22 72 122 172 222 272
vintage canoe 23 73 123 173 223 273

bathtub 24 74 124 174 224 274
flowery half donut 25 75 125 175 225 275

t cup 26 76 126 176 226 276
cookie circular lidless tin 27 77 127 177 227 277

box sofa 28 78 128 178 228 278
two layered lampshade 29 79 129 179 229 279

conic bin 30 80 130 180 230 280
jar 31 81 131 181 231 281

color

black and white 32 82 132 182 232 282
brown 33 83 133 183 233 283
blue 34 84 134 184 234 284
gray 35 85 135 185 235 285
white 36 86 136 186 236 286
red 37 87 137 187 237 287

orange 38 88 138 188 238 288
yellow 39 89 139 189 239 289

shape

vase 40 90 140 190 240 290
chalice 41 91 141 191 241 291

freeform 42 92 142 192 242 292
bottle 43 93 143 193 243 293
canoe 44 94 144 194 244 294
cup 45 95 145 195 245 295
bowl 46 96 146 196 246 296

trapezoidal prism 47 97 147 197 247 297
cylinder 48 98 148 198 248 298

round hole 49 99 149 199 249 299

All 300 tasks are shown

in Table 3.5, by object identi-

fier (rows) and container iden-

tifier (columns). The colors de-

note groups of tasks which guide

our train and test task splits,

and the cell numbers denote the

task indices.

• Scenario A (novel objects,

colors, and shapes) trains

on all gray tasks and

tests on yellow , blue ,

and green tasks.

• Scenario B (novel colors

and shapes) trains on all

gray and yellow tasks

and tests on blue and

green tasks.
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Figure 3.5: Train-Test Object Split. Objects are shown in raster-scan task-index
order, so the object in the second row from top, second column from left, is the “bongo
drum bowl”, which is associated with task index 9.

3.5.2.4 Train and Test Split Visualizations

We visually show our train-test splits on objects (Figure 3.5), colors (Figure

3.6), and shapes (Figure 3.7).

3.5.3 Success Metric.

In calculating the success rate, a successful trajectory is defined as one that

(1) picks up the correct object and (2) places it in the correct container. All metrics

are averaged over three seeds. See Appendix A.1 for details.

3.5.4 Data.

Using a scripted policy (details in Appendix A.2), we collect 200 successful

demonstrations for each training task, and a single successful demonstration for each
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Figure 3.6: Train-Test Color Split.
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Figure 3.7: Train-Test Shape Split.
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test task. All demonstrations are 30 timesteps long. Depending on our experimental

scenario (see Section 3.6.1), we train on 65% to 80% of the 300 tasks, so our training

buffer contains roughly 40,000-50,000 trajectories.

3.5.5 Human Language Instruction Paraphrases.

To move toward robots that can work alongside and assist humans in the real

world, a rigorous language-conditioned robotic manipulation benchmark should con-

tain not only template-based task instructions, but also natural language instructions

from humans. To gather this data, we create a task (HIT) on Amazon Mechanical

Turk for humans to paraphrase our template instructions while having access to

example video rollouts of the robot successfully completing the the task. A CSV

containing 5 paraphrases for each of the 300 tasks can be found on our project web-

site (https://deltaco-robot.github.io/files/all_human_data.csv). See Ap-

pendix A.3 for details of our human language data collection process.

3.6 Experimental Analysis

We empirically investigate the following research questions: (RQ1) Does there

exist a distribution of tasks that are more clearly specified with both language and

demonstrations rather than either alone? (RQ2) Does conditioning on both language

instructions and video demonstrations with DeL-TaCo improve generalization perfor-

mance on novel tasks? (RQ3) If so, how much teacher effort is reduced by specifying

a new task with both language and demonstrations than with either modality alone?

3.6.1 Generalization Performance on Novel Tasks

To test generalization, we run experiments under two scenarios: (A) general-

ization to novel objects, colors and shapes, and (B) generalization to only novel colors

and shapes.
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Table 3.6: Evaluation on Novel Objects, Colors, and Shapes. (p) = pretrained.

Demo Encoder Language Encoder Task Conditioning Success Rate ± SD (%)
– – One-hot (lower bound) 4.9± 1.7
– – One-hot Oracle (upper bound) 69.3± 7.4

CLIP (p)
Language-only 14.4± 2.4

Demo-only 3.5± 1.0
DeL-TaCo (ours) 15.8 ± 2.2

– miniLM (p) Language-only 17.1± 2.2
CNN – Demo-only 20.8± 2.4
CNN miniLM (p) DeL-TaCo (ours) 25.8 ± 3.4
CNN – BC-Z (Jang et al., 2021); Demo-only 6.7± 2.3
CNN miniLM (p) MCIL (Lynch and Sermanet, 2021); Demo-only + Language-only 7.5± 1.2
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Figure 3.8: Learning curves for the results in Table 3.6, where all methods are evalu-
ated on novel objects, colors, and shapes. Left: fdemo is a trained-from-scratch CNN
and flang is pretrained miniLM. Right: fdemo and flang are from pretrained CLIP.
The same one-hot lower-bound (dotted) is shown in both the left and right plots.

3.6.1.1 Scenario A: Novel Objects, Colors, and Shapes

Table 3.6 (plots in Figure 3.8) shows our results in experimental scenario A,

where we train on 24/32 objects, 4/8 colors, and 5/10 shapes (a total of 198 training

tasks) and evaluate on the remaining 102 tasks. The overall success rates show much

room for improvement on this challenging benchmark for a number of reasons. The

robot must not only know how to pick-and-place the 8/32 objects it has never seen

during training, but must also understand novel instructions that refer to these objects

by either their name, color, or shape. Additionally, training a multitask policy to

perform well on hundreds of tasks remains an open question with current multitask

robot learning algorithms.
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We lower-bound the performance of our task conditioning methods by first

running a one-hot conditioned policy, with the expectation that it performs worse

than conditioning on language and/or demonstrations for the reasons mentioned in

Section 3.1. As an upper-bound, we directly train a one-hot oracle on only the 102

evaluation tasks and evaluate on those same tasks. No other method in the table is

trained on any evaluation tasks. (For consistency, the one-hot oracle is trained on the

same total number of trajectories as the other methods.)

Next, we examine the performance of policies conditioned with only language,

with only one demonstration, and with both (DeL-TaCo). The language-only policies

do not involve training fdemo, and only the language instruction embeddings are fed

into the policy via FiLM during training and testing. The demo-only policies train

fdemo as shown in Algorithm 1, but during training and testing, only the demonstra-

tion embedding zdemo is passed into the policy via FiLM. DeL-TaCo (ours) conditions

on both demonstration and language during training and testing as shown in Algo-

rithms 1 and 2.

When using pretrained MiniLM as flang and a lightweight CNN for fdemo, DeL-

TaCo achieves the highest performance, increasing the success rate of the second-best

conditioning method, demo-only, from 20.8% to 25.8%. Both methods using demon-

stration embeddings outperform the language-conditioned policy perhaps because a

visual demonstration is important in conveying the nature of the chosen object and

how the robot should manipulate it. Note that both the demo-only and DeL-TaCo

policies train the fdemo CNN from scratch without any pretraining, so they must learn

to ground object and container identifiers from training demonstrations alone.

We also compare to our re-implementation of prior methods, keeping the ar-

chitecture and hyperparameters the same across all methods. BC-Z (Jang et al.,

2021) performs worse than our approaches because its demo encoder is trained to

directly regress zdemo to zlang, hindering it from performing better than solely using

zlang during testing. MCIL (Lynch and Sermanet, 2021), which trains separate en-

50



coders for each task embedding modality and averages the imitation learning losses

over the different encoders, also performs worse than DeL-TaCo because without any

task encoder loss term, learning a well-shaped task embedding space is more difficult,

hurting generalization performance.

Finally, to evaluate the effect of pretraining, we use pretrained CLIP (Radford

et al., 2021) as the task encoder (with its language transformer as flang and vision

transformer as fdemo) and freeze it during training. The language-only policy performs

significantly better than the video-only policy most likely because CLIP’s visual trans-

former was trained mostly on real-world images and without further finetuning, does

not know how to sufficiently differentiate between the simulation demonstrations of

different tasks in our problem setting. Despite this, DeL-TaCo modestly outperforms

conditioning on language-only or demo-only, demonstrating the value of our method

even with frozen pretrained models.

3.6.1.2 Scenario B: Novel Colors and Shapes

In Table 3.7 (plots in Figure 3.9), we train on 32/32 objects, 4/8 colors, and

5/10 shapes, and evaluate on the rest—an easier setting as all objects were seen

during training. Since evaluation tasks in this scenario only refer to objects by their

color or shape, we up-sample the color and shape training tasks to be 50% of each

training batch (such up-sampling was not done in scenario A).

We take the highest-performing fdemo and flang models in Table 3.6 and again

compare conditioning on language, demonstrations, and both. The methods largely

perform better in scenario B than A. The novel color and shape task demonstrations

contain more ambiguity than the novel object demonstrations because the task with

language instruction “put the blue object in the left bin” might have a demonstration

where the robot manipulates the blue cup, but the test-time environment might

contain a blue table instead. This added ambiguity likely explains the increased

importance of language in supplementing the provided demonstration in DeL-TaCo.
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Table 3.7: Evaluation on Novel Colors and Shapes. (p) = pretrained.

Demo Encoder Language Encoder Task Conditioning Success Rate ± SD (%)
– – One-hot (lower bound) 8.4± 2.3
– – One-hot Oracle (upper bound) 61.7± 14.0
– miniLM (p) Language-only 25.4± 5.7

CNN – Demo-only 20.0± 4.0
CNN miniLM (p) DeL-TaCo (ours) 31.6 ± 5.2

Table 3.8: Value of Language. Evaluation on Novel Objects, Colors, and Shapes.
Task Conditioning Demo-only DeL-TaCo (ours)

# demos per test-task finetuned on 0 10 25 50 100 0
Success Rate (%) 20.8 23.4 24.6 26.1 32.9 25.8
± SD (%) ±2.4 ±1.8 ±2.5 ±2.6 ±2.5 ±3.4
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Figure 3.9: Learning curves for the results in Table 3.7 and 3.8. Left: Evaluation
only on novel colors and shapes. Right: Evaluation on novel objects, colors, and
shapes, using a trained-from-scratch CNN as fdemo and pretrained miniLM as flang.
The performance of the demo-only policy and DeL-TaCo policy from Table 3.6 (also
depicted in the left plot of Figure 3.8) are shown as lower and upper dotted lines,
respectively. The solid lines indicate performance during 300k finetuning steps when
given x demonstrations per test-task, where x is indicated in the legend.

Analysis. Overall, we see that on this wide range of tasks, language and

demonstrations together do help disambiguate each other during task specification—

answering RQ1; this leads to better generalization performance on novel tasks—

answering RQ2.
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Table 3.9: Ambiguity Experiments

Ambiguity Scheme Demo Ambiguity Language Ambiguity Task Conditioning Success Rate ± SD (%)

(i) (From Table 3.6)
– None Language-only 17.1± 2.2

container – Demo-only 20.8± 2.4
container None DeL-TaCo (ours) 25.8± 3.4

(ii)
– object Language-only 18.4± 2.5

container – Demo-only 27.5± 4.3
container object DeL-TaCo (ours) 30.5± 3.1

3.6.2 How many demonstrations is language worth?

To answer RQ3, we re-examine experimental scenario A (testing on novel ob-

jects, colors, and shapes) but now further finetune the demo-only policy on a variable

number of test-task expert demonstrations. Results are shown in Table 3.8 (plots in

Figure 3.9). The demo-only policy only starts to match and surpass DeL-TaCo (un-

derlined) when it is finetuned on 50 demonstrations (underlined) per evaluation task

(a total of around 5,000 demonstrations for all test tasks combined). This suggests

that surprisingly, specifying a new task to DeL-TaCo with a single demonstration and

language instruction performs as well as specifying a new task to a demo-only policy

with a single demonstration and finetuning it on 50 additional demonstrations of that

task. This showcases the immense value of language in supplementing demonstra-

tions for novel task specification, significantly reducing the effort involved in teaching

robots novel tasks over demonstration-only methods.

3.6.3 How effective is DeL-TaCo at resolving ambiguity in both modali-
ties?

In Tables 3.6 and 3.7, we examined the effects of conditioning the multitask

policy on a demonstration that is ambiguous about the target container, plus an

unambiguous language instruction that clearly specifies both the target object and

container for each pick-and-place task. We label this as ambiguity scheme (i).

To further examine the utility of multi-modal task conditioning, we exper-

imented with a different ambiguity scheme (ii) in which the language instruction

is ambiguous about the target object but unambiguous about the target container,
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and the demonstration is unambiguous about the target object but ambiguous about

the target container. This scheme allows us to test how well two task-conditioning

modalities complement each other if each modality unambiguously conveys only a

single aspect of the task.

To introduce ambiguity on the target objects, in scheme (ii), we place two

identical objects on the scene in different parts of the tray, plus a third visually distinct

distractor object. Exactly one of these two identical objects is the target object.

The language instruction is ambiguous because it does not contain the positional

identifier that describes which side of the tray the target object is at. However, the

demonstration unambiguously conveys the target object by showing the robot picking

up the target object from the correct part of the tray.

The results are shown in Table 3.9. By displaying two identical objects as

we do in scheme (ii), we visually reveal that the target object is one of the two

identical objects (and not the third, distinct object on the scene), causing scheme (ii)

to have higher overall success rates than scheme (i). We see that the gap between

DeL-TaCo and the demo-only policy slightly decreases from 5% in scheme (i) to

3% in scheme (ii) because the language instruction unambiguously specifies the task

in scheme (i), complementing the demonstration which is ambiguous on both the

target object and container, whereas in scheme (ii), both the language instruction

and demonstration are ambiguous in one aspect (either in specifying the container or

the object), narrowing the performance gap between DeL-TaCo and the demo-only

policies.

3.6.4 Additional Module Comparisons and Ablations

In Table 3.10, we compare the performance of different language encoders,

demonstration encoders, task encoder loss types, and task conditioning architectures

in Experimental Scenario A to our best model from Table 3.6 (top row).

Language Encoder Model Comparison. In our main results, we use

54



Table 3.10: Ablations and Comparison Experiments. Evaluation on Novel Objects,
Colors and Shapes. (p) = pretrained.

Demo Encoder Language Encoder Task Encoder Loss Task Conditioning Arch. Task Conditioning Success Rate ± SD (%)
Best non-oracle result from Table 3.6

CNN miniLM (p) Contrastive FiLM (demo), Concat (lang) DeL-TaCo (ours) 25.8± 3.4
Language Encoder Comparisons

– DistilRoBERTa (p) – FiLM Language-only 15.1± 2.7
CNN DistilRoBERTa (p) Contrastive FiLM (demo), Concat (lang) DeL-TaCo (ours) 25.2± 2.9

– DistilBERT (p) – FiLM Language-only 9.4± 1.8
CNN DistilBERT (p) Contrastive FiLM (demo), Concat (lang) DeL-TaCo (ours) 27.1 ± 2.5

– CLIP (p) + MLP head Contrastive FiLM DeL-TaCo (ours) 10.7± 2.8
CLIP (p) CLIP (p) + MLP head Contrastive FiLM (lang), Concat (demo) DeL-TaCo (ours) 11.8± 3.2

Demo Encoder Comparisons
R3M (p) + MLP head miniLM (p) Contrastive FiLM (demo), Concat (lang) DeL-TaCo (ours) 13.5± 3.3

Task Encoder Loss Ablations
CNN miniLM (p) Cosine distance FiLM (demo), Concat (lang) DeL-TaCo (ours) 12.5± 2.2
CNN miniLM (p) None FiLM (demo), Concat (lang) DeL-TaCo (ours) 10.0± 3.3

Task Conditioning Architecture Ablations
CNN miniLM (p) Contrastive Concat (demo + lang) DeL-TaCo (ours) 7.9± 4.5
CNN miniLM (p) Contrastive FiLM (demo + lang) DeL-TaCo (ours) 22.4± 2.3

miniLM as our language encoder. We compare with other language models such

as DistilRoBERTa (Sanh et al., 2020) and DistilBERT (Sanh et al., 2019). These

were chosen because they have (1) a relatively small number of parameters for com-

putational efficiency, and (2) were shown to achieve high performance on language-

conditioned robotic policies when compared to other common language models (Mees

et al., 2022). When using CLIP as the demo and language encoder, we did not notice

much of a performance difference from adding a finetuneable MLP head on top of the

frozen CLIP language encoder. We ultimately decided to use miniLM for all of our

experiments in Tables 3.6 to 3.9 because it performed better than DistilBERT over

the average of the language-only and DeL-TaCo task conditioning methods, and more

crucially, was empirically more stable during demo encoder training than DistilBERT.

Demonstration Encoder Model Comparison. Using pretrained demon-

stration encoders, such as R3M, did not perform better than training a small CNN

from scratch—a similar takeaway from our experiments with pretrained CLIP.

Loss Ablations. Our approach outperforms using a BC-Z-styled cosine-

distance loss term Ldemo(zdemo, zlang) = 1−zdemo ·zlang (where ∥zdemo∥ = ∥zlang∥ = 1).

Our contrastive task encoder loss term is crucial; without it (setting αd = 0 in

Eqn. 3.3), performance drops substantially.
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Task Conditioning Architecture Ablations. Concatenating zdemo and

zlang before feeding into FiLM layers causes a slight drop in performance compared to

our architecture in Figure 3.2, and simply concatenating zdemo and zlang to the image

observation embeddings without FiLM dramatically decreases performance.

3.7 Conclusion

When specifying tasks through language or demonstrations, ambiguities can

arise that hinder robot learning, especially when the demonstrations or instructions

were provided in an environment that does not perfectly align with the environment

the robot is in. In this paper, we create a benchmark of learning 300 highly diverse

pick-and-place tasks and propose a simple framework, DeL-TaCo, to resolve ambiguity

during task specification by using both language and demonstrations during both

training and testing.

Two main obstacles to deploying household robotic systems are the inability

to generalize to new environments and tasks, and prohibitively high end-user effort

needed to teach robots these new tasks. Our results show progress on both fronts: over

previous task-conditioning methods, DeL-TaCo improves generalization performance

over previous SOTA unimodal-conditioned approaches by roughly 5−18% and reduces

human effort on our benchmark by roughly 50 expert demonstrations per task.

3.8 Limitations and Future Work

Our work leaves a number of areas for improvement. First, we experiment

only with pick-and-place tasks. Future work may need hierarchical policies and en-

coders to learn more diverse manipulation skills and temporally-extended tasks. Sec-

ond, we experimented with a rigid set of template-based language instructions for

each task, but we leave experimenting with our collected dataset of diverse, human-

provided instructions to future work. Third, DeL-TaCo may not find sufficient value

in language for tasks that require high-precision spatial movements, or if the visual
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demonstration modality already perfectly disambiguates the task. Fourth, we did

not find pretrained vision-language models, such as CLIP, to increase performance

in our simulation-based environment, most likely because of the domain mismatch

between our simulation objects and the more real-world-centric images CLIP was

trained on. Investigating ways to better leverage pretrained vision-language mod-

els for multimodal task specification, in tandem with real-world robotic tasks and

real-world human demonstrations, would be a promising line of future research.
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Chapter 4: Natural Language Can Help Bridge the
Sim2Real Gap

In Chapter 3, we saw how a simple language instruction could contain infor-

mation equivalent to 50 demonstrations when training robots to perform new tasks.

We also saw that more broadly, teaching robots new tasks is often better done with

both demonstrations and language, rather than a single modality alone. In this chap-

ter, we further extend the idea of using language as a store of meaning to learn from

scarce data, but instead of few-shot generalization to new tasks, we demonstrate how

language can enable few-shot generalization to new domains. This chapter represents

work published in RSS 2024 (Yu et al., 2024).

4.1 Introduction

Recently, visual imitation learning (IL) has achieved significant success on

manipulation tasks in household environments (Schaal, 1999; Brohan et al., 2022).

However, these methods rely on large amounts of data in very similar domains to train

data-hungry image-conditioned policies (Brohan et al., 2022, 2023; Padalkar et al.,

2023). Some researchers are attempting to generalize visual IL to any target domain

by collecting large datasets of demonstrations from mixed domains. In this work, we

explore a different approach: can we transfer a policy trained on cheaply acquired,

diverse simulation data to a real-world target task with just a few demonstrations?

A solution to effectively leverage cheap sim data while successfully fitting

scarce real-world demonstrations is to create a domain-agnostic visual representa-

tion and use it for policy training. Such a representation should enable the policy to

use the simulation image-action data as an inductive bias to learn with few-shot real

world data. This representation must allow the policy to tap into the right distri-

bution of actions by being broad enough to capture the task-relevant semantic state
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from image observations, yet fine-grained enough to be conducive to low-level control.

For instance, a sim and real image observation, both showing the robot gripper a few

inches above a pan handle, should lie close together in the image embedding space to

lead to similar actions, even if the two images have large differences in pixel space.

“gripper holding 
bread over square”

“gripper holding milk 
next to container”

“gripper wrapping 
blender wire”

Language 
emb. space

Domain-invariant 
learned image space

“gripper holding carrot 
above yellow mat”

Policy learning

𝐼!"#

𝐼$%&'

𝜋(𝑎|𝑓 𝐼 )

Figure 4.1: Bridging the sim2real gap with
language. Robot images from simulation and the
real world with similar language descriptions (green
& purple borders) are mapped to similar features
in language embedding space, while sim and real
images with different language descriptions (teal &
red) are mapped to faraway locations. We propose
using language embedding similarities to re-shape
the image embeddings (center) to create a domain-
invariant image space. A policy is learned condi-
tioned on these image embeddings from both sim
and real images (right).

How might we acquire

supervision for learning such

a visual representation? Lan-

guage is an ideal medium for

providing it. Descriptions of

task-relevant features in image

observations, such as whether or

not a gripper is close to a pan

handle, serve as a unifying sig-

nal to align the representations

of images between sim and real.

We hypothesize that if a sim and

real image have similar language

descriptions (e.g., “the gripper is

open and right above the pan

handle”), then their underlying

semantic states are also similar,

and thus the actions the policy

predicts conditioned on each im-

age should also be semantically

similar (e.g., moving downward

to reach the pan handle). The pretrained embedding space of large language mod-

els (LLMs) offers a well-tuned signal that can be leveraged to measure the semantic

similarity between real and sim images via their associated language descriptions (see
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Fig. 4.1). This simple insight allows us to learn a domain-agnostic visual representa-

tion to bridge the visual sim2real gap.

A popular paradigm in foundation model research is to first pretrain the back-

bone on large datasets, and then add and train a task-specific head to process the

backbone outputs to perform a downstream task. We borrow from this paradigm by

first pretraining an image encoder to predict the pretrained embeddings of language

descriptions of images from roughly a few hundred trajectories in sim and real, with

language labels on each image. Then we use this image encoder as the backbone of

our IL policy and train on action-labeled data from both the sim and real domains

simultaneously, where we only need a few action-labeled demonstrations from the real

world.

In this paper, we introduce Lang4Sim2Real, a lightweight framework for trans-

ferring between any two domains that have large visual differences but contain data

across a similar distribution of tasks. Our approach has the following main advantages

over prior sim2real efforts:

1. Alleviates the need for engineering-intensive system identification, or more broadly

needing to exactly match a sim environment to the real environment both vi-

sually and semantically.

2. Enables sim2real transfer on tasks involving deformable objects that are hard

to simulate with the same dynamics and visual appearance as the real-world

version of the objects.

3. Bridges a wide sim2real gap that includes differences in: camera point-of-view

(1st vs 3rd person), friction and damping coefficients, task goals, robot control

frequencies, and initial robot and object position distributions.

In the few-shot setting, on long-horizon multi-step real-world tasks, these ad-

vantages enable Lang4Sim2Real to outperform prior SOTA methods in sim2real and
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vision representation learning by 25-40%. To our knowledge, this is the first work

that shows that using language to learn a domain-invariant visual representation can

help improve the sample efficiency and performance of sim2real transfer.

4.2 Related Work

Our main contribution is a method to learn domain-invariant image repre-

sentations by exploiting natural language descriptions as a bridge between domains

for sim2real transfer. While we believe this has not been explored before, significant

related research has been done in vision-language pretraining, sim2real techniques,

and domain-invariant representations for control.

4.2.1 Vision Pretraining for Robotics

Various works have found that vision-only pretraining improves perfor-

mance on image-based robotic policies. Prior work has explored pretraining objectives

ranging from masked image modeling (Radosavovic et al., 2023), image reconstruc-

tion (Zhao et al., 2022; Gupta et al., 2022b; Seo et al., 2023), contrastive learn-

ing (Laskin et al., 2020; He et al., 2020), video frame temporal ordering (Jing et al.,

2023), future frame prediction (Zhao et al., 2022), and image classification (Yuan

et al., 2022; Wang et al., 2022a) on internet-scale datasets such as ImageNet (Deng

et al., 2009), Ego4D (Grauman et al., 2021), Something-Something (Goyal et al.,

2017), and Epic Kitchens (Damen et al., 2018). While these vision-only pretraining

objectives learn good representations for robotic control within a specific domain dis-

tribution (such as the real world), they are not necessarily robust to the wide domain

shifts encountered during sim2real.

In vision-language pretraining, contrastive learning (Radford et al., 2021;

Zhai et al., 2021) has been shown to learn valuable representations for robotic tasks (Shrid-

har et al., 2021, 2022). However, these pretrained visual representations are often

overly influenced by the semantics of language captions. This results in a represen-

61



tation that is too object-centric to differentiate between different frames of a robot

demonstration, lacking the level of granularity needed for spatial-temporal under-

standing. R3M (Nair et al., 2022) addresses this by learning semantics from language

labels of videos but also training with a time contrastive loss between video frames.

Prior work in multimodal representations (Zhu et al., 2023) found language to be ef-

fective in aligning representations learned across multiple modalities including depth

and audio. Instead of using language to bridge modalities, our approach uses language

to bridge visual representations between domains.

4.2.2 Sim2Real

While we approach sim2real through vision-language pretraining, there are

many alternative, well-researched techniques. Domain randomization (Andrychow-

icz et al., 2020; Matas et al., 2018; Tobin et al., 2017) involves varying physical pa-

rameters and visual appearances of the simulation to train a policy that functions in a

wide distribution of domains that hopefully also covers the target domain distribution.

However, domain randomization requires a large amount of diverse training data and

attempts to be simultaneously performant in an overly broad distribution of states,

leading to a suboptimal and conservative policy that takes longer to train. System

identification (Yu et al., 2017; Kaspar et al., 2020) involves tuning the simulation

parameters to match the real world in order to create a custom-tailored simulation

environment that easily transfers to the real domain. However, this process is very

engineering intensive and time consuming, and it may be intractable to simulate all

real world physical interactions with high fidelity and throughput. In contrast, our

sim2real approach can handle large source and target domain discrepancies with a

few target task demonstrations and does not require system identification or domain

randomization.
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4.2.3 Domain-Invariant Representations

Several methods have been proposed to learn domain invariant representa-

tions. The domain-adaptation community has extensively researched using Gener-

ative Adversarial Networks (GANs) to map images from one distribution into

another, using pixel space as a medium of common representation (James et al.,

2019; Bousmalis et al., 2017; Ho et al., 2021; Rao et al., 2020). However, GANs re-

quire a large training dataset and are notorious for unstable training. Additionally,

enforcing similarity on the input image side at the pixel level is less efficient than

our method, which encourages cross-domain distributional similarity in a compact,

low-dimensional image encoder space. Furthermore, researchers in self-driving have

studied using semantic segmentation and depth maps (Müller et al., 2018; Ai et al.,

2023) as a common representation space between domains, though their effectiveness

has only been demonstrated in navigation tasks with binary segmentation masks,

which is too simplified for the long-horizon manipulation tasks we consider.

4.2.4 Language and Robotics

A growing body of work has investigated training multitask robotic poli-

cies conditioned on language instruction embeddings (Jang et al., 2021; Lynch and

Sermanet, 2021; Mees et al., 2021, 2022; Shao et al., 2020; Sodhani et al., 2021; Silva

et al., 2021; Karamcheti et al., 2021), or a combination of language instructions and

goal images/demonstrations (Jiang et al., 2022; Shah et al., 2023; Yu and Mooney,

2022). Our approach also involves learning a language-conditioned policy, but unlike

prior work, our main novelty is using language for a second use-case: as scene de-

scriptors during pretraining to pull together semantically similar image observations

between two visually dissimilar domains. Language has also been used for reward

shaping in RL (Nair et al., 2021b; Goyal et al., 2019, 2020; Fan et al., 2022; Ma

et al., 2023), and as a high-level planner in long-horizon tasks (Huang et al., 2022;

Ahn et al., 2022; Chen et al., 2022; Raman et al., 2023). These areas of research
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are more ancillary to our contributions, as we demonstrate our approach with IL in-

stead of RL and with fine-grained manipulation tasks that do not require extensive

planning.

4.3 Problem Description

In this work, we address the problem of few-shot visual imitation-learning (IL):

learning a visuomotor manipulation policy in the real world based on a few real-world

demonstrations. We assume access to a large amount of simulation data and cast few-

shot IL as a sim2real problem. More concretely, we render the few-shot IL problem

as a k+1 multi-task IL problem: k tasks from simulation and the target task (with a

few demonstrations) in the real world. In general terms, we assume a source domain

in which data can be acquired cheaply and a target domain where data is expensive

to collect.

In our setting, we consider access to two datasets across two domains: Ds,

which spans multiple tasks in the source domain, and Dt
target, which contains a small

number of demonstrations of the target task in the target domain we want to transfer

to. Thus, we assume that |Ds | >> |Dt
target |, due to how expensive target domain

data collection is (such as in the real world). We make two assumptions about the

two domains. First, we assume the source and target tasks are all of the same general

structure, such as multi-step pick-and-place task compositions, but with different ob-

jects and containers across different subtasks. Otherwise, transfer would be infeasible

in the low-data regime if the source and target domain tasks lack similarity. Second,

to train a common policy for both domains, we assume the domains share state and

action space dimensionality. We make no further assumptions about the similarity

between the two domains.

All of our datasets are in the form of expert trajectories. Each trajectory,

τ = {(It, st, [at, lt], ltask)}, is a sequence of tuples containing an image observation,

It (128 × 128 RGB), robot proprioceptive state, st (end effector position and joint
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angles), and a language instruction of the task, ltask. Note that ltask is the same

over all timesteps of all trajectories in a given task. [at, lt] denotes that a trajectory

may optionally also include robot actions (in which case we consider the trajectory

a full demonstration) and/or a language description of the image It. In the following

sections, we identify with τ [L] a trajectory with language descriptions lt, but no

actions at. Similarly, τ [A] is a full demonstration with actions, at, but no language

descriptions, lt.

The language labels for images can be automatically generated from a pro-

grammatic function that maps image observations to language scene descriptions

depending on the relative position between the robot and the objects in the scene.

We elaborate on these language labels and how to automatically collect them in Sec-

tion 4.4.1. Note that these language scene descriptions, lt, are different from the

language instruction associated with each task, ltask.

Different data elements and types of trajectories will be used during pretraining

and policy few-shot training: during pretraining, we use τ [L] image-language (It, lt)

pairs from Ds ∪Dt
target. During policy learning, we use τ [A] data: (It, st, at, ltask)

tuples from Ds ∪Dt
target. In the next section, we explain how these two steps are

defined for Lang4Sim2Real.

4.4 Lang4Sim2Real: Few-Shot IL with Sim&Real

In our method, we adopt the common pretrain-then-finetune learning paradigm

(see Fig. 4.2). First, we pretrain an image backbone encoder on cross-domain language-

annotated image data (Sec. 4.4.2). Then, we freeze this encoder and train a policy net-

work composed of trainable adapter modules and a policy head to perform behavioral

cloning (BC) (Schaal, 1999) on action-labeled data from both domains (Sec. 4.4.3).

To leverage the simulation data, we train a k+1 multi-task BC policy that learns for

k tasks in the source domain (sim) and 1 in the target domain (real, few shot).
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Figure 4.2: Method. (i)

Top: During Image-Language

Pretraining, we train the image

encoder fcnn using the language

embeddings associated with de-

scriptions of both sim and real

image observations. fd
img and

fd
lang refer to the output features

of the CNN and the LLM, re-

spectively, in domain d. With

regression-based loss (A) the im-

age embeddings are pushed to

predict the corresponding lan-

guage embeddings whereas with

distance based loss (B) the pair

of image embeddings is pushed

together/apart based on the

similarity of the language embeddings. (ii) Bottom: During Multitask, Multidomain

BC, we freeze our pretrained fcnn, add adapter modules and a policy head and allow

the last layer of the CNN to finetune, then train the resulting multitask language-

conditioned policy on Ds ∪Dt
target.

4.4.1 Automatic Language labeling of Images

To acquire image-language pairs for pretraining, we implement an automated

pipeline for labeling the images of a trajectory that occurs synchronously during

scripted policy demonstration collection (see Appendix B.1). Each if-case in the

scripted policy corresponds to a stage index, where in pick-and-place, the first stage

corresponds to the gripper moving to a point above the object, the second stage

corresponds to the gripper moving vertically down toward the object, and so on. We

66



define a list of template strings describing the scene for each of these stages, so the

stage indexes into the template string list, giving us our language annotation for the

image. See Table 4.3 for all template strings, and Sec. 4.4.5.1 for details about our

language labeling procedure.

However, our language labeling process need not be synchronously coupled

with scripted policy demonstration collection. We also implement an alternative

labeling process that leverages off-the-shelf vision-language models to detect the lo-

cation of objects and the gripper in the image to predict the stage index. This process

runs on previously-collected trajectories and requires only the images of a trajectory

alone, without additional action or state information. We describe this second process

in Sec. 4.4.5.2. Empirically, using language from this second, more scalable automated

approach does not degrade the performance of our method.

4.4.2 Cross-Domain Image-Language Pretraining

After collecting trajectories with language labels, our first step in Lang4Sim2Real

involves learning a domain-invariant representation that will enable leveraging simu-

lation data for few shot IL. For that, we need to learn an image observation encoder,

fcnn : It → Rdcnn , that attains the following property: it should preserve the semantic

similarity of scenes in images between the two domains. For instance, if both image

Is from Ds (sim) and image I t from Dt
target (real world) show the robot’s gripper open

and a few inches above the object to grasp, even if from different viewing angles, then

we want their image embeddings to be close together in the learned image encoding

space. This will facilitate policy learning later, as the policy will need to draw from

a similar distribution of actions for similar scene semantics, which are now already

mapped into similar visual features.

Theoretically, off-the-shelf pretrained vision-language models (VLMs) (Rad-

ford et al., 2021; Nair et al., 2022) should already possess these properties as they

were trained on a massive distribution of image and language data. However, in the
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context of robot manipulation, pretrained VLMs tend to encode all observations of

the trajectory into a very narrow region of the embedding space without sufficient

distinction for task-relevant, semantic aspects of the image such as the location of the

gripper in relation to the manipulated objects. This renders them unsuitable without

additional finetuning for our application (see Sec. 4.6).

In Lang4Sim2Real, we propose an alternative approach to obtain a visual

representation with the aforementioned desired property. We train a ResNet-18 (He

et al., 2015) from scratch as our image encoder using image-language tuples (Is, ls)

from Ds and (I t, lt) from Dt
target. We denote this vision language pretraining dataset

as DV L = {(Id, ld) : (Id, ld) ∈ Ds ∪Dt
target}, where d is either the source or target

domain. The images are observations collected during 100 demonstrations from each

of the tasks in Ds and 25-100 demonstrations from Dt
target, totaling around 10k images

per domain. We assume that the two sets of language descriptions in Ds and Dt
prior

are similarly distributed; otherwise, language may not help learn domain-invariant

features between Ds and Dt.

To effectively leverage language as a bridge between visually different domains,

we need a well-tuned (frozen) language model, flang : l → Rdlang , to map strings to

dlang−dimensional language embeddings. We use off-the-shelf miniLM (Wang et al.,

2020), since prior work (Mees et al., 2022) has demonstrated its effectiveness for

language-conditioned control policies compared to other small, off-the-shelf language

models.

Given the data and the language embedding described above, we propose two

variants in Lang4Sim2Real for the image-language pretraining step that can obtain a

sim-real agnostic representation based on language supervision (see Fig. 4.2(i)A-B).

4.4.2.1 Variant A: Language-Regression

Our first variant is a straightforward use of language supervision to shape the

image embedding space: predicting the language embedding of the description, ld,
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given the embedding of the corresponding image, Id. We sample image-language pairs

from the DV L dataset defined above: (Id, ld) ∼ Ds ∪Dt
target. Let g : Rdcnn → Rdlang

be a single linear layer (language predictor in Fig. 4.2(i)(A)) trained to minimize the

following loss:

Lcnn,reg(DV L) =
∥∥g (fcnn(Id))− flang(l

d)
∥∥2

2
(4.1)

We use the loss to train both the language predictor and the CNN backbone. The loss

provides strong language supervision by encouraging fcnn to directly regress toward

the frozen language embeddings of the image descriptions, effectively making the

pretrained image encoder reflect the LLM embedding space.

4.4.2.2 Variant B: Language-Distance Learning

We also experiment with a second variant of image-language pretraining that

incorporates language with a softer form of supervision. We posit that the exact

values of the language embeddings do not themselves convey meaning; rather, the

semantic similarity between two images lies in the pairwise distances between their

corresponding two language embeddings. Thus, we design an objective to regress the

image embedding distances between a pair of images from the two domains to their

corresponding language distance:

Lcnn,dist(DV L) =
∥∥f⊤

cnn(I
s)fcnn(I

t)− d
(
ls, lt

)∥∥2

2
(4.2)

where the language distance function we use, d : l × l → R is BLEURT (Sellam

et al., 2020), a learned similarity score between two strings commonly used in the

NLP community. We normalize d(·, ·) between 0 and 1 for all possible (ls, lt) pairs in

our image-language dataset, where 1 indicates the highest similarity between any two

strings in the dataset. Empirically, over our set of language descriptions, we found

BLEURT provided a richer signal than simply taking dot products or ℓ-2 distances

between language embeddings. The output of fcnn is unit normalized before taking

the dot product. We compare both variants (see Sec. 4.6) to assess whether the
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additional degrees of freedom from the looser distance supervision are beneficial later

on for policy training.

4.4.3 Multitask, Multidomain Behavioral Cloning

Our second step in Lang4Sim2Real involves learning a multi-domain, multi-

task, language-conditioned BC policy (see Fig. 4.2(ii)). By leveraging our learned

domain-invariant representation for robotic control, this policy should be able to

perform well in the real-world target task with only a few demonstrations, thanks to

the additional information it can extract from simulation.

During this phase of policy learning, we freeze all but the last layer to pre-

serve the semantic scene information encoded in the learned, domain-invariant repre-

sentation, fcnn, while enabling the network to adapt to the new downstream task of

low-level control. We also insert trainable FiLM layer blocks (Perez et al., 2018) as

adapter modules in fcnn to process the language instruction embeddings between the

frozen convolution layers. Finally, we include a few fully-connected layers as a policy

head to process the image feature, fcnn(It), and proprioceptive state, st, and train

the resulting policy π with BC loss to predict the mean and standard deviation of a

multivariate Gaussian action distribution, as described below.

Let our training dataset DBC = Ds ∪Dt
target be a set of demonstrations τ d,

for domain d ∈ {source, target}. As explained in Sec. 4.3, each demonstration is a

sequence of tuples xt =
(
Idt , s

d
t , a

d
t , ltask

)
containing the image observation, proprio-

ceptive state, language instruction for the task, and action at timestep t. We train

with the following standard BC negative log probability loss (Pomerleau, 1988):

Lπ(DBC) =
1

B

∑
xt∼τd

τd∼DBC

− log π
(
adt
∣∣fcnn(Idt ), sdt , ltask) (4.3)

where B denotes the batch size.

The policy is trained on k+ 1 tasks: k from Ds (thousands of trajectories per

task) and 1 from Dt
target (≤ 100 trajectories, see Sec. 4.5). In each batch, we sample
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m tasks uniformly at random from the k + 1 tasks, and then query DBC for a fixed

number of transitions from trajectories for each of the m selected tasks.

We hypothesize that cross-domain image-language pretraining (Sec. 4.4.2) im-

proves policy learning because it helps ensure that image observations of different

domains depicting semantically similar scenes map into similar regions of the learned

embedding space. This accelerates learning not only on Ds data but also helps alle-

viate data scarcity in Dt
target because the pretrained image backbone encodes Dt

target

images into an in-distribution region of the learned image embedding space, alleviat-

ing common issues with visual distribution shift and enabling our method to leverage

simulation data to compensate for the lack of real-world action-labeled data, improv-

ing sim2real transfer.

4.4.4 Detailed Policy Network Architecture & Hyperparameters

For the policy backbone, we use a ResNet-18 architecture but made changes

to the strides and number of channels to adapt the network to our 128×128×3 image

size. Hyperparameters are shown in Table 4.1. A detailed layer-by-layer architecture

figure of our policy is shown in Figure 4.3. During policy training, only the last CNN

layer, FiLM blocks, and policy head (FC layers) are finetuned, while all other layers

are kept frozen.

Table 4.2 shows our BC training hyperparameters. In each training iteration,

we sample 4 random tasks from our training buffer and get 57 samples per task, for

a total batch size of 228.

Table 4.2: Imitation learning hyperparameters.

Attribute Value
Number of Tasks per Batch 4
Batch Size per Task 57
Learning Rate 3× 10−4
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Table 4.1: Policy π hyperparameters.

Attribute Value
Input Height 128
Input Width 128
Input Channels 3
Number of Kernels [16, 32, 64, 128]
Kernel Sizes [7, 3, 3, 3, 3]
Conv Strides [2, 2, 1, 1, 1]
Maxpool Stride 2
Fully Connected Layers [1024, 512, 256]
Hidden Activations ReLU
FiLM input size 384
FiLM hidden layers 0
Spatial Softmax Temperature 1.0
Learning Rate 3× 10−4

Policy Action Distribution Multivariate Isotropic Gaussian N(µ, σ)
Policy Outputs (µ, σ)
Image Augmentation Random Crops
Image Augmentation Padding 4

4.4.5 Language Labeling of Image Observations Details

4.4.5.1 Language Labeling During Scripted Policy

We automatically label image observations with language descriptions during

the scripted policy data collection process. Each image is assigned a stage number

based on the if-case of the scripted policy, which corresponds to a semantic posi-

tional arrangement between the gripper and the relevant objects on the scene. Stage

numbers map 1-to-1 to the template language strings shown in Table 4.3.

For example, for the pick-and-place/stack object task, we define 7 stages and

7 corresponding language string templates, where the first stage is when the gripper

moves toward a point above the object, the second stage is when the gripper moves

downward toward the object, and so on. For the 2-step pick-and-place task, we use 14

stages—2 consecutive lists of the 7 individual pick place string templates, where the
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object and container variables of each template are filled in with the proper names.

4.4.5.2 Alternative Approach: Language labeling with off-the-shelf VLMs

To relax the requirement that our automated language labeling process must

occur synchronously with a scripted policy collecting demonstrations, we implemented

an alternative approach that is decoupled from the demonstration collection pro-

cess. First, we use an off-the-shelf open-vocabulary object detector model, Ground-

ingDINO (Liu et al., 2023b), to output bounding boxes for the relevant objects on the

scene. No finetuning of GroundingDINO is required. Second, we train a CNN-based

gripper state predictor to predict the gripper position (x, y, z) as well as whether the

gripper is opened or closed in a given image. This network is trained on previously

collected (image, gripper position, gripper opened/closed) data from 100 trajectories,

and takes one minute to train on a single A5000 GPU. Using these two models, we can

get the gripper state and position relative to the objects, enabling us to predict a stage

number that corresponds fairly closely with the actual stage number as outputted by

our scripted policy. Finally, we verified that training our method on VLM-derived

language annotations does not degrade performance. We performed image-language

pretraining with language labels from either labeling method and tested on 2-step

pick-and-place with 100 real-world trajectories. Both methods achieve 90% success

rate averaged over 2 seeds.

4.5 Experimental Setup

We evaluate Lang4Sim2Real in two settings: a sim2sim setting where we

test the transfer abilities between two simulated domains with visual and physical

differences, and the sim2real setting, where the few shot IL is defined in the real

world and we use simulation to address the data scarcity. Sim2sim serves as a platform

to evaluate in depth the behavior of Lang4Sim2Real with a fully controlled domain

gap, while sim2real is our setting of interest for this work. We will use three task
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suites that we explain below. See Figure 4.5 for detailed frame rollouts of each task.

In a slight overload of notation from Sec. 4.3, here we use Ds and Dt to denote the

source and target domains, respectively.

4.5.1 Sim2Sim and Sim2Real Environment Differences

In sim2sim, Ds and Dt are both sim environments with large differences in

camera point-of-view (third person vs. first person), joint friction, and damping:

1. Camera point-of-view: Ds image observations are third person (looking to-

ward the robot), and Dt image observations are first person (over the shoulder),

a large change of viewing angle.

2. Friction and Damping: Joint friction and damping coefficients are 5× and

50× higher in Dt than Ds, which significantly changes the dynamics.

In the sim2real setting, we employ a setup with a wide sim2real gap that

we aim to bridge using language that includes differences in control frequency, task

goals, visual observation appearance, objects, and initial positions:

1. Control frequency: The simulated Ds policy runs at 50Hz while the real

world Dt policy runs at 2Hz.

2. Objects: The objects on the scene in each task differ between simulation and

real data, except the robot itself.

3. Visual Observation: Backgrounds and camera angles are markedly different

between the two domains.

4. Initial positions: The initial object and robot positions are different across

sim and real.
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4.5.2 Evaluation Metrics

For all sim2sim and sim2real experiments, we measure task success rate. In

sim2real, this is calculated through ten evaluation trials for each of two seeds per

task, for a total of 20 trials per table entry. In each set of ten trials, we place the

object in the same ten initial positions and orientations, evenly distributed through

the range of valid initial object positions. In sim2sim, we also run two seeds per

setting and take a success rate averaged over 720 trials between the two seeds in the

final few hundred epochs of training.

4.5.3 Data

4.5.3.1 Environments

For each of our tasks, we design simulation environments on top of Robo-

suite (Zhu et al., 2020) in Mujoco (Todorov et al., 2012). For the real environment,

we use Operational Space Control (Khatib, 1987) to control the position of the end-

effector of the robot in Cartesian space. In both simulation and real, we work with

a 7-DOF Franka Emika Panda arm and use a common action space consisting of

the continuous xyz delta displacement and a continuous gripper closure dimension

(normalized from [−1, 0]). The robot proprioception space is 22-dimensional, con-

sisting of the robot’s xyz end-effector position, gripper state, and sine and cosine

transformations of the 7 joint angles. The image observation space is 128× 128 RGB

images.

4.5.3.2 Overview of Tasks

For each task suite, we collect data from simulated domain Ds and real target

domain Dt (for sim2real) or sim target domain Dt (for sim2sim). All demonstrations

in sim and real are collected with a scripted policy (see Appendix B.1 for further

details). Sim trajectories range from 200-320 timesteps long, operated at 50Hz, while

real trajectories run at 2Hz and range from 18-45 timesteps. Our three task suites
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Figure 4.4: The columns depict the
three task suites while each row rep-
resents an image domain. Rows
from Top to Bottom: Simula-
tion Ds, sim2sim Dt

target, sim2real
Dt

target. Columns from Left to
Right: Stack Object, Multi-step Pick
and Place, and Wrap Wire tasks.
While similar enough to transfer prior
knowledge between them, our Ds and
Dt task versions have a considerable
gap (Sec. 4.5.1) that we are able to
bridge using language as regulariza-
tion for the image representations.

allow us to test the effectiveness of Lang4Sim2Real for sim2real in a wide variety of

control problems ranging from simple stacking in task suite 1, to multi-step long-

horizon pick and place in task suite 2, to deformable, hard-to-simulate objects in task

suite 3. See Fig. 4.4 to understand the considerable domain gap across both sim2sim

and sim2real in each of the three tasks suites.

4.5.4 Task Suite 1: Stack Object

In our first suite of tasks, the robot must move an object to a target. In

the simulated domain Ds, the target is on top of a wooden coaster, and there are

four objects: milk carton, soda can, bread, and cereal box, which correspond to the

four tasks. Both the object and coaster positions are randomized over the entire

workspace. We collect and train on 400 demonstrations per task (1600 total) as our

Ds simulation data.
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4.5.4.1 sim2sim

For sim2sim experiments on this task suite, we define a new Dt simulated

environment with differences from Ds as enumerated in Sec. 4.5.1. Policies are trained

with the 1600 Ds demonstrations and 100 target task Dt
target demonstrations.

4.5.4.2 sim2real

For sim2real, Ds remains the same as sim2sim. Dt is a real world environment

in which the object is randomly placed on the left mat and the target task Dt
target is to

move the object onto the right mat and open the gripper by the end of 20 timesteps.

4.5.5 Task Suite 2: Multi-step Pick and Place

Our second suite of tasks is longer-horizon. In simulation, the robot must first

put an object in the pot, then grasp the pot by its handle and move it onto the stove.

We categorize this as a 2-step pick-and-place task. We use the same four object-task

mappings from Sec. 4.5.4. The object, pot, and stove locations are all randomized

within a quadrant of the workspace. Since this task is longer horizon, we train on

more data—1, 400 trajectories per task in Ds.

4.5.5.1 sim2sim

Similar to the stacking task, in the sim2sim setting, we define a new Dt

environment with differences from Ds enumerated in Sec. 4.5.1 and evaluate over the

four tasks when given 100 target-task Dt
target demonstrations.

4.5.5.2 sim2real

In the sim2real setup, Ds remains the same, while Dt is the real task of

putting a carrot into a bowl, then putting the bowl onto a plate (see Fig. 4.4),

and ending with the gripper open after 50 timesteps. In addition to success rate

(Sec. 4.5.2), we measure average number of consecutive subtasks completed from
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the beginning, allowing partial credit if the robot only succeeds in the first step

of placing the carrot in the bowl. Because we only count consecutively completed

subtasks, failing the first step results in a score of zero, even if the subsequent step(s)

are successful.

4.5.6 Task Suite 3: Wrap Wire

Our final suite of tasks involves wrapping a long deformable wire around a fixed

object. In simulation Ds, we approximate a wire with a chain of spheres connected

with free joints, and the task is to wrap the chain around a fixed cylinder (see Fig. 4.4).

A trajectory is successful if the first link of the chain has traveled ≥ 5π
3

radians (5/6ths

of a full revolution) around the cylinder. Our simulation data consists of two tasks:

wrapping counterclockwise and clockwise. The initial position of the end of the chain

is randomized over a region to the left of the cylinder. Ds contains 400 trajectories

per task.

4.5.6.1 sim2sim

For our Dt sim environment, we again apply the changes specified in Sec. 4.5.1.

We additionally swapped the spheres for capsules and changed the color and texture of

the table, robot arm, and objects. This task has a wider sim2sim gap from additional

visual and dynamics changes.

4.5.6.2 sim2real

In our sim2real experiments, the target task Dt
target is to first grasp the plug,

then wrap the cord around the base of a blender in the middle of the workspace, and

finally put the plug down, similar to what one might do before putting the appliance

away. Like the sim environment, we define success if the following two conditions are

met: (1) the plug travels ≥ 5π
3

radians around the blender, and (2) the plug is placed

and the gripper is open at the end of 50 timesteps.
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4.5.7 Baselines

To evaluate the effectiveness of Lang4Sim2Real, we consider two sets of base-

lines: non-pretrained baselines where the CNN is initialized from scratch, and base-

lines with pre-trained visual encoders. For the non-pretrained baselines, we examine

training with only Dt data, and training with both Ds and Dt data. This enables us

to understand the benefits of our proposed training procedure. In sim2real, we also

compare to three popular prior sim2real approaches:

• MMD (Tzeng et al., 2014), which aims to minimize the distance between the

mean embedding of all sim images and all real images of a batch to prevent the

real images from being out-of-distribution relative to the sim images.

• Domain randomization (Tobin et al., 2017) of the colors, textures, and

physics of the Ds environment.

• Automatic Domain Randomization with Random Network Adversary

(ADR+RNA) (OpenAI et al., 2019), which keeps increasing/decreasing do-

main randomization bounds depending on the agent’s performance, and also

introduces a randomly initialized network for each trajectory to inject corre-

lated noise into the agent’s action conditioned on the state input.

For the pretrained baselines, we consider two strong foundation models as the visual

backbone, CLIP (Radford et al., 2021) and R3M (Nair et al., 2022), commonly used

visual representations for robotics that are, like our approach, also shaped by language

descriptions of images/videos, and add a trainable policy head composed of fully-

connected layers sharing the same dimensions as all other methods in our results.

For each task in sim2real, we train and evaluate with 25, 50, or 100 Dt
target

demonstrations.
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4.5.8 Our Method Variants and Ablations

In our evaluations, we compare language regression (Section 4.4.2.1) and lan-

guage distance (Section 4.4.2.2), the two pretraining variants of our approach. We

also ablate away the effects of language on our pretraining approach in a method

called “stage classification,” where the pretraining task is to predict the stage index of

an image (see Section 4.4.1) instead the language embedding or embedding distance.

4.5.9 Language Description Templates of Image Observations

All template language descriptions of images for each stage and task are in

Table 4.3. These are used during the pretraining phase (Sec. 4.4.2) of Lang4Sim2Real.

Table 4.3: Language Template Strings for Image Descriptions

Task Template String
Pick and Place gripper open, reaching for {objName}, out of {contName}

gripper open, moving down over {objName}, out of {contName}
gripper closing, with {objName}, out of {contName}
gripper closed, moving up with {objName}, out of {contName}
gripper closed, moving sideways with {objName}, out of {contName}
gripper closed, with {objName}, above {contName}
gripper open, dropped {objName}, in {contName}

Wrap Wire gripper open, reaching for {graspObjName}
gripper open, moving down over {graspObjName}
gripper closing around {graspObjName}
gripper closed, moving up with {graspObjName}
{direction} left
{direction} front
{direction} right
{direction} back
gripper open, above {graspObjName} with {flexWraparoundObjName} fully wrapped
gripper open, above {graspObjName} with {flexWraparoundObjName} fully unwrapped

Variable Possible Values
objName milk, bread, can, cereal, pot, carrot, bowl, bridge
contName coaster, pot, stove, bowl, plate
flexWraparoundObjName beads, cord, ethernet cable
graspObjName last bead, white plug, bridge
direction clockwise, counterclockwise
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Table 4.4: sim2real: Performance by number of real world trajectories

Method Action-labeled Data Stack Object Multi-step Pick and Place Wrap Wire

Sim Real Success Rate (%) Success Rate (%) Subtasks Completed Success Rate (%)

Ds Dt
target 25 50 100 25 50 100 25 50 100 25 50 100

No Pretrain (Dt) – ✓ 20 30 45 0 30 35 0.45 1.05 1.05 20 15 45
No Pretrain (Ds +Dt) ✓ ✓ 35 20 55 45 25 55 1.15 1.0 1.4 25 20 20

MMD ✓ ✓ 25 35 80 20 10 35 0.8 0.9 1.1 5 10 20
Domain Random. ✓ ✓ 40 60 40 10 10 25 0.7 0.6 0.7 0 0 0

ADR+RNA ✓ ✓ 35 30 35 15 25 40 0.85 0.8 1.3 0 10 0

Lang Reg. (ours) ✓ ✓ 40 75 80 60 80 90 1.45 1.8 1.9 45 40 45
Lang Dist. (ours) ✓ ✓ 60 45 80 55 70 75 1.35 1.65 1.6 30 25 75

Stage Classif. ✓ ✓ 40 60 60 50 60 50 1.45 1.55 1.5 30 40 50

CLIP (frozen) ✓ ✓ 25 5 15 10 15 40 0.3 0.45 1.0 35 35 30
R3M (frozen) ✓ ✓ 30 45 65 15 60 55 0.7 1.4 1.5 5 25 25

Table 4.5: sim2sim: Success Rate by Task (%)

Pretraining Stack Object Multi-step Pick and Place Wrap Wire

1 2 3 4 avg 1 2 3 4 avg 1

None (Dt data only) 15.2± 6.5 18.9± 6.7 31.9± 8.5 25.4± 9.2 22.9 20.8± 7.5 17.7± 4.4 16.3± 5.0 17.3± 8.1 18.0 69.2± 8.3
None (Ds +Dt data) 22.5± 9.2 32.3± 9.8 37.9± 8.8 29.2± 8.3 30.5 28.4± 10.9 31.3± 10.7 13.9± 5.5 27.8± 10.2 25.4 82.1± 6.8

Lang Reg. (ours) 20.6± 8.1 57.3 ± 8.1 63.1± 7.7 32.5 ± 6.3 43.4 54.0± 7.2 62.5 ± 12.1 76.0± 8.7 58.5± 9.3 62.8 90.7± 5.4
Lang Dist. (ours) 23.8± 5.4 57.3 ± 10.6 66.9± 5.6 27.9± 10.8 44.0 65.5 ± 13.1 56.7± 9.9 78.6 ± 5.1 54.4± 11.5 63.8 90.0± 5.0

Stage Classif. 30.4 ± 10.4 52.7± 6.0 67.5 ± 8.3 27.9± 7.1 44.6 63.1± 9.9 62.1± 9.3 55.4± 8.5 67.7 ± 9.7 62.1 91.4 ± 3.6

CLIP (frozen) 1.7± 0.4 1.9± 1.9 3.8± 2.5 4.0± 2.7 2.9 36.1± 14.3 39.9± 8.9 28.8± 8.9 48.4± 11.9 38.3 75.6± 7.7
R3M (frozen) 4.5± 3.3 9.0± 4.8 19.8± 6.9 15.4± 5.4 12.2 49.4± 11.6 36.5± 11.9 47.0± 14.1 56.0± 10.0 47.2 90.2± 4.4

4.6 Experimental Results

Our results for sim2sim experiments are shown in Table 4.5, and the results for

sim2real are shown in Table 4.4. In both tables, the methods (rows) are grouped into

non-pretrained baselines, our method variants and ablations, and pretrained SOTA

baselines. In sim2real, we additionally include a group of three rows to show the

performance of prior sim2real approaches.

4.6.1 Experimental Questions and Analysis

Across the three task suites in both sim2real and sim2sim, our method gen-

erally achieves the highest success rates. To further analyze the effectiveness of our

method, we pose and investigate the following experimental questions.
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4.6.1.1 What is the impact of our pretraining approach?

Our method nearly doubles the success rate of both non-pretrained baselines

in most task suites in sim2real and sim2sim. This indicates that Lang4Sim2Real can

bridge a wide sim2real gap. One factor that may allow our method to perform well

is that image observations with similar language descriptions may also have similar

action labels. In Sec. 4.6.1.9, we further investigate this hypothesis with an analysis

of the action distributions between images, split by their language descriptions.

Between the non-pretrained baselines, training on Ds sim demonstrations in

sim2real provides little benefit on stack object, increases average performance by

≈ 20% on multi-step pick-and-place, but decreases average performance by ≈ 10% on

wrap wire. However, in sim2sim, it provides a 10-15% increase on most tasks. This

suggests that although using Ds without pretraining yields some improvement, the

sim2sim gap is significant enough that pretraining is necessary for effective transfer.

4.6.1.2 How does our method compare to prior sim2real baselines?

Our method outperforms all of the prior sim2real baselines we tested against

(second row-group in Table 4.4), which collectively do relatively poorly in most set-

tings, highlighting the difficulty of the sim2real problem in our setup.

MMD averages the best performance across the three sim2real baselines and

even achieves competitive performance on the easiest task of stacking an object.

However, on the two other more difficult tasks, its performance does not scale well

with more trajectories, which we suspect arises from stability issues in trying to push

together the mean of all sim and real image embeddings in each batch. Domain

randomization only exacerbates the sim2real gap since enabling all randomizations

does not move the distribution of simulation trajectories closer to the real world

trajectories due to the large visual dissimilarity between our simulation and real en-

vironments. ADR+RNA, which only randomizes the environment as much as possible

without severely hurting the scripted policy performance, averages slightly better per-
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formance than domain randomization, perhaps because the data is less diverse and

easier to fit a policy to than the data from full-scale domain randomization.

4.6.1.3 How does our method compare to prior vision-language pretrained
representations?

In sim2real, our method outperforms both pretrained baselines across the

board, including R3M, which is the strongest baseline on stack object and multi-step

pick-and-place. When trained on increasing amounts of real-world data, both R3M

and CLIP tend to plateau—CLIP performs no better than 40% on any task, R3M

has an apparent ceiling of 65%, while our method achieves up to 90%. This suggests

that CLIP and R3M do not scale as well as our method when provided more data,

despite being pretrained on internet-scale video and image data while our method

was pretrained on images from just a few hundred sim and real trajectories.

In sim2sim, our method also outperforms R3M and CLIP across the board.

Averaging the performance on stacking and multi-step pick-and-place, our method

outperforms R3M by 15-30% and CLIP by 25-40%. On the wrap wire task, our

method and R3M perform comparably, probably because the task is quite a bit easier

for all methods in simulation.

4.6.1.4 What is the effect of language in learning shared representations?

We ablate the effect of language on our pretraining as the “stage classification”

row in Tables 4.4 and 4.5, as mentioned in Section 4.5.8. In sim2sim, we see similar

performance in language regression pretraining and stage classification pretraining.

However, in sim2real, where the domain gap is larger, we see language providing

a measurable benefit in all task suites, especially in multi-step pick-and-place, per-

haps because pretraining with language leverages similarities in language descriptions

between the first and second steps of the pick-and-place task.
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4.6.1.5 How do our two image-language pretraining variants compare?

We compare our two pretraining variants introduced in Sections 4.4.2.1 and

4.4.2.2, where language regression directly predicts language embeddings while lan-

guage distance is encouraged to maintain pairwise distances based on BLEURT sim-

ilarity scores. Again in sim2sim, there is no clear winner between the two, but in

sim2real, language regression performs better on average. This suggests that when

performing language pretraining for visual representations, the more constraining re-

gression loss outperforms the less constraining distance-matching loss on sim2real

performance.

4.6.1.6 What is the effect of pretraining on image-language pairs where
the language granularity is reduced?

To evaluate the impact of reduced language granularity on sim2real perfor-

mance, we segment the trajectories into fewer and fewer stages, until the extreme

case where the entire trajectory has only a single stage, which means that all images

across all trajectories of a task have the same exact language description embedding.

The language descriptions we use for each stage, for varying numbers of stages per

task, are displayed in Tables B.1 (2-step pick-and-place) and B.2 (wire wrap).

Results are shown in Table 4.6. The trend is noisy, but in general, decreasing

language granularity hurts performance slightly. Still, our method is robust to lower

granularity, which matches our hypothesis that our pretraining approach provides

significant performance gains simply by pushing sim and real images into a similar

embedding distribution even if the language granularity is extremely coarse.

4.6.1.7 How does our method perform if we cannot pretrain directly on
image-language pairs from the target task?

There are scenarios in which we might not have access to the real-world target

task Dt
target during the pretraining phase, as pretraining is often done without knowl-

edge of the downstream task. To investigate this, we introduce a real-world prior
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Table 4.6: sim2real: Performance with Varying Language Granularity

Method Multi-step Pick and Place Wrap Wire
Success Rate (%) Subtasks Completed Success Rate (%)

25 50 100 25 50 100 25 50 100

No Pretrain (Dt) 40 20 30 1.15 0.9 1.15 25 45 35
No Pretrain (Ds +Dt) 45 30 50 1.25 1.2 1.4 15 30 30

all-stages 55 80 95 1.2 1.8 1.95 25 50 55
half-stages 45 60 65 1.15 1.45 1.55 5 35 25
2-stages 35 45 75 1.05 1.3 1.6 20 50 40
1-stage 55 65 80 1.3 1.55 1.75 15 15 45

1 stage per domain 10 50 50 0.65 1.3 1.25 15 15 20

task Dt
prior that we pretrain on, and use real-world target task data Dt

target only dur-

ing imitation learning. Figure 4.5 provides film strips of trajectories from the source

domain data Ds, target domain prior task data Dt
prior, and target domain target task

data Dt
target, for each of the three task suites. The advantage of this problem setup

is that we can reuse the same fcnn for multiple downstream real-world target tasks

as long as they are sufficiently similar to the real-world prior task. In this modified

problem setup, our method still mostly outperforms all baselines, which demonstrates

that our method does not overfit to the real-world task it sees during pretraining.

In Tables 4.4 and 4.5, we presented results in a setting where we both pre-

trained and did policy learning on two datasets, Ds and Dt
target. In this setting, we

experiment with pretraining on Ds ∪Dt
prior and training our policy on Ds ∪Dt

target.

Our method uses extra language labels during pretraining that the baselines

do not have access to. While these language labels can be acquired at scale, to com-

pensate for this data advantage, we decided to give all baselines an augmented Dt
prior

dataset that includes action-labeled demonstrations, in addition to the target task,

Dt
target. Note that our method is not given Dt

prior action-labeled data: it is trained only

on Dt
prior images with language labels during image-language pretraining (Sec. 4.4.2)

but not during BC policy learning. Therefore, the baselines in a sense serve as upper
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Figure 4.5: This table builds on Figure 4.4 and depicts the 3 datasets for each task
with filmstrips. The rows show the three task suites while each column represents one
of the three datasets we use during pretraining or policy learning. Our main results
in Tables 4.4 and 4.5 use Ds ∪Dt

target for pretraining and policy learning, whereas our
results in Table 4.7 use Ds ∪Dt

prior for pretraining and Ds ∪Dt
target for policy learning.

This table shows the visual differences between sim and real, as well as the task in
Dt

prior versus Dt
target.

bounds as they are given
∣∣Dt

prior

∣∣ = 50 additional action-labeled demonstrations. In

other words, during policy learning, the baselines train on action-labeled demonstra-

tions from Ds ∪Dt
prior ∪D

t
target while ours are only trained on Ds ∪Dt

target. Results

are shown in Table 4.7.

How different are Dt
prior and Dt

target? In sim2sim and sim2real for stack

object and 2-step pick-and-place, the robot interacts with different objects in the two

real-world tasks. Instead of a carrot as in Dt
target, in Dt

prior, the robot interacts with

a paper box for the stack object task suite and a rigid toy wooden block for 2-step
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Table 4.7: sim2real: Performance in Ds ∪Dt
target ∪D

t
prior setting by Number of Tar-

get Task Demonstrations

Method Action-labeled Data Stack Object Multi-step Pick and Place Wrap Wire

Sim Real Success Rate (%) Success Rate (%) Subtasks Completed Success Rate (%)

Ds Dt
target Dt

prior 25 50 100 25 50 100 25 50 100 25 50 100

No Pretrain (Dt data only) – ✓ ✓ 45 30 65 40 20 30 1.15 0.9 1.15 25 45 35
No Pretrain (Ds +Dt data) ✓ ✓ ✓ 20 55 25 45 30 50 1.25 1.2 1.4 15 30 30

MMD ✓ ✓ ✓ 35 30 40 70 45 35 1.65 1.25 1.2 15 0 20
Domain Random. ✓ ✓ ✓ 25 45 60 15 15 20 0.9 0.55 0.85 0 5 5

ADR+RNA ✓ ✓ ✓ 15 10 20 50 5 50 1.35 0.7 1.25 15 10 20

Lang Reg. (ours) ✓ ✓ – 50 55 85 55 80 95 1.2 1.8 1.95 25 50 55
Lang Dist. (ours) ✓ ✓ – 30 65 70 25 50 65 0.95 1.4 1.5 15 25 60

Stage Classif. ✓ ✓ – 70 60 70 20 60 85 0.9 1.5 1.8 15 20 70

CLIP (frozen) ✓ ✓ ✓ 30 25 35 25 45 35 0.55 0.95 0.95 35 40 45
R3M (frozen) ✓ ✓ ✓ 80 70 80 75 75 85 1.6 1.55 1.75 30 25 20

pick-and-place.

In sim2sim on wire wrap, Dt
prior contains data of the beads being wrapped

clockwise, instead of counterclockwise in Dt
target. In sim2real for wire wrap, the

plug, cord, and blender in Dt
target are replaced by a wooden block, ethernet cable, and

spool, respectively, in Dt
prior data. The differences between Dt

prior and Dt
target can be

visually examined in Figure 4.5.

What trends are different between Table 4.7 (with Dt
prior) and Ta-

ble 4.4 (without Dt
prior)? Most of the trends are similar. Re-examining our main

experimental questions, we see that our method still nearly doubles the success rate

of both non-pretrained baselines, outperforms all three prior sim2real baselines, and

that using language regression is important to achieve the most gains from pretrain-

ing (language regression outperforms stage classification and language distance, on

average). However, in this new problem setting in sim2real, R3M outperforms our

method in the lowest data regime with 25 target task demonstrations, perhaps be-

cause of the additional 50 Dt
prior demonstrations that our method does not train on.

However, on 50 and 100 trajectories for the longer-horizon multi-step pick and place

task, our method achieves higher sim2real performance than the best of either pre-

trained baseline.
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Table 4.8: sim2real: Finetuning R3M with our method

Pretraining Action-labeled Data Multi-step Pick and Place Wrap Wire

Sim Real Success Rate (%) Subtasks Completed Success Rate (%)

Ds Dt
target Dt

prior 25 50 100 25 50 100 25 50 100

R3M + adapters, Lang Reg. ✓ ✓ – 0 30 40 0.7 0.95 1.25 0 5 5

Lang Reg. (ours) ✓ ✓ – 55 80 95 1.2 1.8 1.95 25 50 55
R3M (frozen) ✓ ✓ ✓ 75 75 85 1.6 1.55 1.75 30 25 20

4.6.1.8 Can our method be combined with prior large-scale vision-language
pretrained networks?

We implemented and evaluated multiple ways to combine R3M with our

image-language pretraining to see if it would be possible to leverage the benefits

of both R3M’s large-scale pretraining and our method’s domain-invariant represen-

tation learning. Instead of initializing a ResNet from scratch before image-language

pretraining, we experiment with using R3M weights and finetuning the last layer, the

entire network, or inserted convolutional adapter modules Chen et al. (2024a). Fine-

tuning adapters (denoted R3M+adapters) performs the best in sim2sim, matching

the performance of our method on 2-step pick-and-place.

Based on this sim2sim performance, we evaluated R3M+adapters on sim2real,

but this performed worse than either frozen R3M or our method in sim2real (Ta-

ble 4.8). Our findings are similar to Zhai et al. (2021) in that finetuning R3M on our

pretraining procedure does not yield improvements on downstream policy learning.

We hypothesize that this is because during image-language pretraining on both sim

and real images, the trainable adapters learn to pick out features primarily in the sim-

ulation images as this is out-of-distribution for R3M which was trained on real-world

videos, which enables R3M+adapters to do well in sim2sim but not sim2real.

4.6.1.9 Does language similarity imply action distribution similarity?

We hypothesize that one of the ways language is an effective bridge for sim2real

transfer is that the sim and real action distributions of the demonstrations are simi-
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lar when the image observations have similar language descriptions. Figure 4.6 shows

the action distribution similarities between sim and real when the language descrip-

tions are similar (top row), and when the language descriptions are different (bottom

row). Each column represents a component of the action distribution. We plot three

components: z-axis actions, xy-magnitude (which is the ℓ2 norm of the (x, y) action

dimensions), and the gripper dimension. We observe that action distributions are in-

deed more similar for images described by similar language than for images described

by different language.

Figure 4.6: These plots show the action distribution of demonstrations across both sim
and real, broken down by each component of the action: xy-action magnitude, z-axis
actions, and gripper actions. The first row shows simulation (green) and real world
(blue) action distributions for images described by similar language. The second
row shows the same distribution of simulation actions (green) as in the first row,
but compared with real-world action distributions from images labeled with very
different language from the sim actions (blue). Notably, the action distributions are
generally similar for images with similar language (first row), and different for images
with different language (second row). This suggests that pretraining our CNN on
language embedding prediction benefits downstream policy learning because it allows
the domain-invariant learned representations to tap into similar action distributions
for completing a task.
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4.6.1.10 What are some failure modes of our policy?

See our project website (https://robin-lab.cs.utexas.edu/lang4sim2real/)

for failure videos. In stack object, most failures arose from not closing the gripper

enough before attempting to lift the object, since our gripper action dimension is ana-

log (controls the distance between the gripper fingers) instead of binary (open/closed).

In multi-step pick-and-place, most failures of our policy came from the robot not

moving right after successfully completing the first pick-and-place operation. In wrap

wire, most failures were from grasping imprecision, since the small plug allowed for

only a ≤ 3 cm xy-plane error in the grasping point. Other common failures included

prematurely opening the gripper and dropping the plug before the wrapping was fin-

ished, or moving the gripper sideways into the blender instead of properly circling

around it.

4.7 Conclusion

Vision-based policies struggle with distributional shift during sim2real trans-

fer. To address this challenge, we introduced a low-data-regime visual pretraining

approach that leverages language to bridge the sim2real visual gap with only 25-100

real-world trajectories with automatically generated language labels. We evaluate the

effectiveness of our approach on multi-step long-horizon tasks and hard-to-simulate

deformable objects. In the few-shot setting, our approach outperforms state-of-the-

art vision-language foundation models and prior sim2real approaches across 3 task

suites in both sim2sim and sim2real.

4.8 Limitations and Future Work

One of the main limitations of our work is that the learned representation may

have limited generalizability compared to existing pretraining methods that leverage

internet-scale data to enable a large degree of generalization. Our approach targets

91

https://robin-lab.cs.utexas.edu/lang4sim2real/
https://robin-lab.cs.utexas.edu/lang4sim2real/


a specific distribution and domain of real-world tasks and operates in the low-data

regime for both pretraining and policy learning, so it does not yield general-purpose

visual representations that can be applied to a wide distribution of target tasks.

Future work could investigate scaling our method to large-scale datasets to further

reduce the number of real-world demonstrations needed for effective sim2real transfer.

Our method also assumes that the template language descriptions used by the

automatic labeling process describe similar aspects of images across the two domains,

and may perform worse if the language between sim and real described images at

extremely different levels of granularity. Furthermore, our approach relies on seg-

menting all trajectories of a task into stages of a certain granularity so that the

associated template language is diverse enough to prevent the learned visual repre-

sentation from mapping the entire input image distribution to a collapsed point. On

contact-rich tasks involving continuous motions or complex object deformations, it

may be harder to segment a trajectory and label these segments with language.

Another avenue for future work involves exploring sim2real by combining ex-

isting pretraining approaches such as time-contrastive learning and masked image

modeling in conjunction with the language-based pretraining we propose, as adding

temporal or masked prediction terms to the objective may enable more fine-grained

representations that complement the coarseness of language.
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Chapter 5: Mixed-Initiative Dialog for
Human-Robot Collaborative Manipulation

Unlikely

IncapableExpert

Likely

> ≈ <
Robot Performs Skill Robot Negotiates for Human Help

Please open the package.

I can’t.

I can bring you scissors.

⋅⋅⋅

Robot Skill Capability

Probability of Human Helping
Based on Dialog History

Fetch Pour Use

Grab package

Go to kitchen

Place package

Who should perform this step?

~~~
~~~

Fetch Pour Use

Figure 5.1: We present MICoBot, a system
for human-robot collaboration where both
agents can initiate and carry out physical
and verbal actions. MICoBot uses both the
robot’s capability and the likelihood of hu-
man helping (inferred from previous dialog
history) to determine whether the robot is
better suited than the human to perform
the skill. If it is, it attempts the skill itself.
If not, it negotiates for human help.

In Chapters 3 and 4, we saw how

language, as a store of semantic mean-

ing, enables a surprising amount of few-

shot generalization to new tasks and new

domains. In this chapter (based on

work published at ICRA 2026 (Yu et al.,

2025)), we pivot to our second line of

work mentioned in Section 1.3 to explore

how language can enable flexible com-

munication paradigms for human-robot

collaboration. Why is collaboration im-

portant, and how can effective communi-

cation expand physical robotic capabili-

ties?

5.1 Introduction

Imagine preparing for a dinner

party with a friend. Your friend might

excel at mixing drinks while you focus

on cooking the main dish. You are also better at decorating, while both of you

reluctantly negotiate over less desirable tasks like cleaning.

Now, imagine a helper robot in place of the friend. Current robots are not

fully autonomous for many household tasks, but they offer broad capabilities with

varying levels of reliability that can be leveraged through collaboration with humans.
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To be an effective partner, such a robot must communicate in physically grounded

natural language, decide when to take initiative or defer to the human, negotiate

task allocation based on strengths and preferences, and adapt to changing contexts.

These ingredients are essential not only for collaborative household robots, but also

for coding assistants, chatbots, and AI agents more broadly.

Long-horizon tasks, such as preparing for a party, require dynamic, bidirec-

tional collaboration across control, initiative, and communication. In particular, the

ability to both take initiative and yield control is central to effective human–AI team-

work. However, current AI systems (e.g., chatbots) typically rely on one-directional,

human-initiated interactions (Ouyang et al., 2022; Achiam et al., 2023), while prior

human–robot interaction (HRI) approaches often assume fixed collaboration plans

and full human compliance (Selvaggio et al., 2021). Such assumptions limit flexibility

and fail to account for the diverse preferences, capabilities, and strengths of differ-

ent human partners. We argue that effective human–robot collaboration requires a

paradigm shift toward mixed-initiative dialog as the communicative medium, enabling

both agents to initiate, negotiate, and respond to proposals in natural language.

To enable this paradigm shift, we introduce MICoBot (Mixed-Initiative Col-

laborative roBot), the first system that supports mixed-initiative dialog for seamless

human–robot collaboration in the physical world. MICoBot allocates task steps to the

most suitable agent (see Fig. 5.1) in a way that maximizes overall success, minimizes

human effort, and respects human-initiated requests. It achieves this by engaging in

mixed-initiative dialog and negotiation to decide step allocation (see Fig. 5.2), while

coordinating the physical and verbal actions required to execute the plan.

To realize this objective across diverse humans and long-horizon tasks, MI-

CoBot optimizes decision-making at three levels. First, a meta-planner determines

the high-level collaboration strategy, integrates human-specified preferences, and gen-

erates adaptive code for robot actions (verbal or physical). Second, a planner executes

this code, selecting the optimal collaboration approach based on the environment
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Robot-
Initiated 
Dialog

Could you open the package using 
the scissors?

There are no scissors on 
the coffee table.

I can bring the scissors for you! 
However, I am unable to open the 

package with the scissors.

Ok, if you bring the scissors, 
I will open the package.

Ok, I will do that now.Can you please open the package 
and place it on the coffee table?

scissors

package Robot action Human action

Human-
Initiated 
Dialog

Absolutely!

Thank you, please put 
the car in as well.

No worries! I’ll happily put them 
in for you.

Good job! We need to seal the 
box. Please bring the ribbons here

When that is done, I will close 
the box and seal it. 

I’m busy. I hope you put the 
tissue and the car in the box.

Thank you so much for covering 
the box and wrapping it!

No worries!

tissue 

ribbons

car
Human actionRobot action

Robot action

Figure 5.2: MICoBot supports both robot-initiated (top row) and human-initiated
(bottom row) task-directed speech2speech dialog, where both agents discuss who is
best suited to perform steps in a long-horizon task. These are real dialog and physical
interactions from our user studies (see our project site at https://robin-lab.cs.
utexas.edu/MicoBot/).

state, a simulation-trained affordance model of robot capabilities, and a dynamic

estimate of human helpfulness derived from prior interactions. Finally, an action ex-

ecutor carries out the next step of the plan, whether it involves manipulation, dialog

initiation, or dialog response.

We validate MICoBot through extensive evaluation in both simulation and the

real world. In simulation, we test against LLM-simulated humans with varying help-

fulness and responsiveness; in real-world experiments, 18 participants collaborated

with a TIAGo mobile manipulator on three household tasks. Our approach improves

success rate by 50% compared to a pure LLM baseline and is preferred by over 75%

of participants.

In summary, our contributions are:

1. A new problem setting that integrates mixed-initiative natural language

dialog with mixed-initiative human-robot interaction.

2. A novel optimization framework for task allocation that balances human

and robot effort with success through a unified metric.
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3. A collaborative simulation environment built on MiniBehavior (Jin et al.,

2023), featuring LLM-controlled virtual humans, with an interactive demo on

our project site (https://robin-lab.cs.utexas.edu/MicoBot/).

4. A hierarchical robotic system, MICoBot, that enables mixed-initiative

speech-to-speech human-robot collaboration and flexibly adapts to diverse real

human collaborators in physically grounded, long-horizon tasks.

5.2 Related Work
5.2.1 Mixed-initiative Dialog

Mixed-initiative dialog (Carbonell, 1970; Allen et al., 1999; Chu-Carroll, 2000)

refers to communication with freeflowing questions and answers from both parties.

In the NLP field, the dominant chatbot paradigm adopted by large language models

(LLMs) largely eschews mixed-initiative interaction: humans pose substantive ques-

tions, and the chatbot primarily responds to fulfill these requests (Ouyang et al.,

2022; Achiam et al., 2023). Recent work has sought to make dialog systems more

goal-directed and proactive by incorporating mixed-initiative strategies in tasks such

as creating documents (Wu et al., 2025), persuading users to donate to charity, en-

hancing users’ emotional well-being (Deng et al., 2023a; Yu et al., 2023b; Chen et al.,

2023; Deng et al., 2024), clarifying ambiguous human requests (Qian et al., 2021; Deng

et al., 2023b; Chen et al., 2024c), or as part of an active-learning framework (Thoma-

son et al., 2019b). However, none of these systems addressed mixed-initiative dialog

in grounded, real-world collaborative scenarios involving physical manipulation tasks.

5.2.2 Human-Robot Collaboration with Dialog

In the human-robot interaction (HRI) field, researchers have developed human-

robot collaboration systems that interact through language but are restricted to

single-initiative dialog. Some of these systems integrate LLMs as task planners

or delegators (Wang et al., 2024; Mandi et al., 2023; Feng et al., 2024) for tasks
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like real-world cooking (Wang et al., 2024) and object sorting (Mandi et al., 2023).

Other systems implement a leader-follower paradigm in simulated worlds, where the

leader issues natural language instructions for the follower to execute (Suhr et al.,

2022; Kojima et al., 2021; Team et al., 2022; Gao et al., 2023). Single-initiative HRI

systems can ask humans for clarification (Ren et al., 2023) or assistance (Bennetot

et al., 2020; Knepper et al., 2013; Veloso et al., 2015), or inform humans of their

observations (Chen et al., 2010; Mutlu et al., 2006; Cascianelli et al., 2018). However,

by supporting only single-initiative dialog, these systems lack the capacity to adapt to

the evolving nature of the human, robot, and environment—limiting their capacity to

find the optimal division of labor that respects user preferences (Mandi et al., 2023).

5.2.3 Mixed-initiative Collaborative Systems Without Dialog

Some works in HRI have explored mixed-initiative collaborative systems with-

out dialog, only with physical actions (Few et al., 2006; Natarajan et al., 2024; Bishop

et al., 2020; Rosero et al., 2021; Paleja et al., 2024; Jiang and Arkin, 2015). In par-

ticular, (Baraglia et al., 2016) studied separate regimes of agent initiative (human-

initiative: requesting help, or robot-initiative: proactively helping), but failed to

support a natural human-robot dialog. By focusing solely on physical actions, these

prior works overlook the critical role of communication in effective collaboration,

thereby limiting the flexibility of the human-robot team. With MICoBot, we en-

able both agents to take initiative—through both physical and verbal actions—via

task-grounded dialog.

5.2.4 Human-Robot Task Allocation

Several prior works in robotics and planning have studied the problem of

human-robot optimal task allocation, typically optimizing the time to perform a task

or minimizing idle agents, posing the problem as a scheduling optimization (Vats

et al., 2022; Yu et al., 2021a). Others have prioritized different objectives, such as
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safety (Faccio et al., 2024) through the formulation of a constrained optimization

problem (Singh et al., 2023). While these solutions may achieve shorter execution

times, they assume a priori known capabilities and availability of all agents, including

both robots and humans. In contrast, MICoBot can adapt to the specific human’s

willingness to help by estimating its availability based on previous dialog.

5.2.5 Agents with Both Physical and Verbal Action Spaces

MICoBot relies on a heterogeneous action space that includes interacting with

the physical world and generating freeform dialogue to a human collaborator. Prior

works have developed policies with a combined physical and verbal action space

through RL (Das et al., 2017; Shervedani et al., 2024) or IL (imitation learning) (Pad-

makumar et al., 2022; Team et al., 2022). Research on language emergence in mul-

tiagent systems (Peters et al., 2025; Kottur et al., 2017) has also examined how

cooperative agents learn to communicate through latent representations or natural

language when performing simulated robotic tasks (Lin et al., 2021; Lowe et al.,

2020; Woodward et al., 2019; Lobos-Tsunekawa et al., 2022; Kolb et al., 2019). How-

ever, these works are typically limited to simulated domains, where action spaces

and task dynamics are highly abstracted or simplified. They often rely on limited

communication protocols without integrating grounded task structure, rich human

preferences, or real-world execution constraints. In contrast, MICoBot leverages an

LLM to generate freeform, grounded dialog within a shared task context, enabling

fluid mixed-initiative interaction and reasoning over both verbal and physical actions

in real-world scenarios.

5.2.6 Natural Language and Robotics

Our work sits at the broad, growing intersection of natural language and robot

learning. We refer the reader to various lines of work upon which different modules

of our method are based, including language-conditioned robot policies (Jang et al.,
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2021; Lynch and Sermanet, 2021; Mees et al., 2021, 2022; Shao et al., 2020; Sodhani

et al., 2021; Silva et al., 2021; Karamcheti et al., 2021; Jiang et al., 2022; Shah

et al., 2023; Yu and Mooney, 2022), LLMs as task planners (Huang et al., 2022; Ahn

et al., 2022; Chen et al., 2022; Raman et al., 2023), code-based policies (Liang et al.,

2022; Li et al., 2024b; Huang et al., 2023), hierarchical policies (Shi et al., 2025,

2024; Belkhale et al., 2024) and planners (Choi et al., 2025; Luo et al., 2023), vision-

language representations (Radford et al., 2021; Zhai et al., 2021; Zhu et al., 2023) for

robotic control (Nair et al., 2022; Shridhar et al., 2021, 2022; Yu et al., 2024), and

language-based reward shaping for RL policies (Nair et al., 2021b; Goyal et al., 2019,

2020; Fan et al., 2022; Ma et al., 2023, 2024a,b; Yu et al., 2023a).

5.3 Problem Setting: Task Collaboration with Mixed-Initiative
Dialog

5.3.1 MDP Formulation

state

Verbal
action

MDP environment

state

Verbal
action

Phys.
action

Phys.
action

Figure 5.3: Proposed MDP for Mixed-
Initiative Collaboration.

We study how human-robot col-

laborative manipulation can be facil-

itated through mixed-initiative dialog.

We assume that both agents can observe

the state of the world, s ∈ S, and perform

actions, a ∈ A = Ap ∪ Av, comprised of

a physical action space, Ap (e.g., move

objects, open them, etc.), that directly

affect the physical state of the environ-

ment s, and a free-form, natural language verbal action space, Av, which is directly

observed by the other agent but does not change the physical state. We model

the problem as a Markov Decision Process (MDP) from the robot’s point of view

(see Fig. 5.3), where on each environment step, the robot performs some action,

aR ∈ Ap,R ∪ Av,R and receives an observation o = [I, av,H , sproprio ] consisting of an
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RGB-D image I, an optional verbal action from the human partner av,H , and the

robot’s proprioceptive state sproprio . Within each environment step, the human may

perform a series of actions, aH ∈ Ap,H ∪ Av,H , in its own physical and verbal action

space after perceiving the world state and robot’s previous dialog, av,R.

5.3.2 Physical and Verbal Action Spaces

The physical and verbal action spaces, Ap and Av, are shared between both

agents. Each element of these action spaces is a parameterized action primitive repre-

sented by the pair, ap/v = (ωp/v, θp/v). ωp is the type of the physical action primitive

(open, pick-and-place, etc.) and θp are the corresponding parameters (e.g., what

object to open or pick and where to place it). We assume that humans are fully com-

petent in executing all steps of a collaborative household manipulation task but may

be unwilling or unavailable to perform some or all required actions. Their behavior

can range from indifferent (never acting) to overly proactive (completing the entire

task without robot involvement).

In contrast, robots often have limited manipulation capabilities and may be un-

able to execute more complex actions, in which case it uses verbal actions to communi-

cate with the human. ωv is the type of the verbal action primitive

(ask_human_for_help, respond_to_human, etc.), and θv are the corresponding pa-

rameters defining the context of the verbal primitive (e.g., what step the robot needs

help on). While the types of verbal actions are limited, each generates freeform

and open-vocabulary language. MICoBot first selects an abstract verbal action from

this space, then translates it into a natural language utterance to negotiate with the

human—conveying its requests and the assistance it requires for successful collabora-

tion. This involves reasoning over asymmetric human and robot physical capabilities

to devise collaboration strategies that maximize task success while minimizing human

effort.

100



5.3.3 Collaborative Task Definition and Problem Statement

We assume the collaborative task is defined by a task plan of length T , known

to both agents and represented as a sequence of unassigned physical action primi-

tives, [ap,0, ..., ap,T−1], such as [(pick-and-place(box, table), . . . , close(box)], ob-

tained from the task instructions or off-the-shelf task planner. To complete the manip-

ulation task while minimizing human effort, the system must allocate steps of the plan

between the two agents—negotiating with the human through robot-initiated dialog

to suggest assignments, adapting to human preferences through human-initiated dia-

log, and ultimately executing its assigned physical actions. At each step t, the system

must compute the best allocation of the remaining steps of the plan, G = [gt, ..., gT−1],

where ∀t, gt ∈ {H,R}. The optimal allocation G∗ maximizes the expected task suc-

cess probability while minimizing total human effort. These objectives are inherently

competing: a policy focused solely on maximizing success might allocate all steps to

the human (assumed to be perfectly competent); conversely, minimizing human effort

alone would assign all steps to the robot, even when it may be incapable of complet-

ing certain steps. The optimization also incorporates constraints conveyed through

the mixed-initiative dialog history, such as task allocation requests or proposed task

splits. The resulting allocation G∗ determines whether the robot executes the current

step (R) or negotiates with the human for assistance (H).

5.4 MICoBot: Mixed-Initiative Collaborative Robot
5.4.1 Collaborative Task Allocation as Optimization.

A helpful physical collaborator must aim for task success with minimal human

effort while adhering to human preferences expressed in dialog (i.e., for certain steps

to be done by a certain agent). Therefore, we formulate our objective for collabo-

rative task allocation as a constrained optimization problem, where constraints are

updated based on dialog exchanges. To avoid a complex multi-objective formulation,

we combine success probability and effort into a single Q-value by building on prior
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Exec. Task Alloc. Code

𝑄 functions
(learned from simulation)

Mobile Manipulation Primitives

Arm + Base
Joint Commands

help estimator

“I can bring scissors for you
to open the package.”

[  ,  , … ]

Best Allocation

Verbal

Execute Action
Selection Code

Next Action Inputs:
RGB-D Map

Constraint
Relaxation

H_dialog_type = “allocation”

Constraints_on_G = [ , , … ]
find_best_allocation(G)

…

R_dialog_type = “respond_to_H”

decide_next_action(…)
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Figure 5.4: MICoBot consists of 3 decision-making modules: a meta-planner that
produces a collaborative strategy expressed through adaptive planning code, a plan-
ner that executes the code and optimizes our objective (Eq. 5.1) to decide the next
primitive action, and an action executor that outputs the low-level pose trajectory or
verbal utterance to say to the human.

work on temporal distances in RL (Myers et al., 2025). Then, to allocate task steps,

MICoBot compares robot and human Q-values.

We assume each task step is executed by a multi-task policy π that performs

continuous low-level control at a fixed control frequency. In this low-level MDP

(distinct from the high-level task MDP described in Sec. 5.3), we define the reward as

r = −1 per time step until the skill completes or times out, at which point rtermination =

0. A well-trained Q-function, Q : ot × at = (ωt, θt) 7→ R with a discount factor of 1,

thus represents the negative expected number of timesteps until skill completion

from a given state. For a perfectly competent agent (i.e., human), this corresponds

to the average timesteps required to perform the action. For an imperfect agent

that may fail, the Q-function reflects a weighted expectation over both successful and

failed outcomes—where failure contributes a significant timestep penalty (timeout)

weighted by its probability. We assign each agent a distinct Q-function: QR for

the robot and QH for the human. These agent-specific Q-functions thus provide a

unified, interpretable cost metric for comparing step allocations, jointly capturing

both execution time (effort) and likelihood of success.
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However, directly optimizing step allocation using only these two Q-functions

diverges from realistic human-robot collaboration scenarios in three ways: (1) human

and robot effort are valued equally, ignoring the higher worth of human time and

attention; (2) the human is assumed to always comply with robot-initiated requests,

overlooking variability in willingness or availability; and (3) human-initiated requests

or preferences are not considered, limiting the system’s adaptability to human intent.

To address (1), we introduce a human-effort factor, α, a ratio valuing human effort to

robot effort. To address (2), human Q-values are adjusted with an inferred probability,

pH,t, of the human agreeing to perform action aH,t = ωt(θt) when asked. For less

cooperative users, this probability lowers the expected success of aH,t, effectively

increasing the magnitude of the negative Q-value due to potential human refusal.

To address (3), we enforce constraints, C1, . . . , Cn, extracted from human-initiated

dialog—such as explicit requests to perform specific steps themselves or delegate them

to the robot. Altogether, we propose the following objective to find the optimal task

allocation G∗:

max
gt,...,gT

T−1∑
t

(
1gt=H ·

α

pH,t

+ 1gt=R

)
Qgt(st, at),

s.t. C1, . . . , Cn are satisfied

(5.1)

that minimizes expected time-to-success and human effort.

5.4.2 MICoBot Framework

MICoBot is a three-level framework (Fig. 5.4) that includes 1) a meta-planner

that processes human dialog and generates a collaborative strategy expressed in code,

2) an iterative planner that updates planning state variables and allocates and de-

cides the next action to perform by executing the code, and 3) an action executor

that carries out the action primitive, either through low-level physical actions or by

formulating a dialog utterance to communicate to the human.
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5.4.2.1 L1: Meta-planner

The meta-planner produces adaptive planning code that dictates the over-

all strategy for L2 and L3 to follow. Based on the most recent human dialog,

the current symbolic state of the world, the task plan, and approximately 15 in-

context learning (ICL) examples, it generates two pieces of code: first, task al-

location code to adapt the optimization computation, such as to map human di-

alog into additional constraints, and second, action selection code for how to

choose the next action, such as whether to engage in additional dialog, proposals

to split up the task with the human, or negotiation rounds before proceeding fur-

ther with physical steps in the plan. The meta-planner is implemented as an LLM-

based (GPT-4o) coder, and the prompt can be found on our project website (https:

//robin-lab.cs.utexas.edu/MicoBot/static/txts/metaplanner_prompt.txt).

Fault Recovery. The metaplanner occasionally produces faulty, non-executable

code. For fault recovery, the metaplanner is automatically re-queried up to 2 addi-

tional times to create code. If these attempts also produce non-executable code, the

most recent dialog from the human is ignored for 2 further, automated metaplanner

requeries. These re-queries are handled by a try-except block in the iterative planner

module.

5.4.2.2 L2: Iterative Planner

The iterative planner runs code from the meta-planner (L1) to make two key

decisions: whether to initiate dialog and which verbal or physical action to perform.

L2 runs in two stages. First, it performs constrained optimization to find the best

task allocation for the remaining task steps. To do this, we evaluate Eq. 5.1 under

all possible task allocations fulfilling the constraints. Initially, the planner attempts

to incorporate all constraints from the mixed-initiative dialog history. If no feasible

allocation is found (e.g., human asked the robot perform a step it is incapable of), the

planner iteratively relaxes the most recent constraint, and the robot verbally explains
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its incapability.

To evaluate Eq. 5.1, MICoBot requires accurate Q-functions that capture each

agent’s expected effort and success probability on each task step. To collect data

to learn the robot’s Q-function (QR), we use the OmniGibson simulator (Li et al.,

2022), configured with a coarse model of the real-world task, environment, and action

primitives, recording both completion times and success rate. We train a supervised

network as QR that predicts the expected timesteps for an action primitive a to

succeed from a given symbolic state o. Conditioning QR on symbolic states minimizes

the sim-to-real gap when we deploy the function to our real-world setting. When

estimating the human’s Q-function (QH), we assume perfect competence (i.e., no

execution failures). Thus, we simply obtain time estimates for each step from an

LLM predicting how long a human needs to execute action at = ωt(θt), plus a travel

time estimate based on human-object distances.

To adapt to changing human helpfulness, MICoBot estimates the probability

of human assistance at the current t-th timestep, pH,t, using an LLM-based sentiment

analysis over prior human-robot dialog (see prompt on our project website at https:

//robin-lab.cs.utexas.edu/MicoBot/static/txts/p_help_estimator_prompt.txt).

This enables MICoBot to adapt to temporally-changing user sentiments. After decid-

ing the optimal task allocation, the second stage of L2 executes meta-planner action

selection code to generate the optimal action a = ω(θ) to execute: a physical mobile

manipulation primitive ω to perform a task step on objects specified in θ, or a verbal

primitive ω to initiate dialog to ask for help, propose splitting up steps, or respond

to human-initiated dialog regarding specific task steps specified in θ.

5.4.2.3 L3: Action Executor

The action executor performs the action primitive selected by the planner

(L2). For physical actions, it generates a trajectory for navigation and arm move-

ment to reach the location of and manipulate the target object while avoiding ob-
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stacles. We build a pipeline similar to Shah et al. (2025) that uses the move_base

ROS package for navigation path planning over a 2D occupancy map, and Ground-

ing DINO (Liu et al., 2023b) to segment the target object from an open-world scene

based on the object specified in θ. We backproject segmented image pixels from

RGB-D camera data into a 3D point cloud to identify graspable or placeable points

in the robot’s workspace that the arm reaches through inverse kinematics (IK). For

verbal actions, an LLM generates free-form natural language utterances to commu-

nicate with the human based on the dialog intent ω and verbal action parameters

θ decided in L2. The LLM uses 10 in-context-learning examples (see prompt on

our project website at https://robin-lab.cs.utexas.edu/MicoBot/static/txts/

dialog_action_executor_prompt.txt) to generate language grounded in the con-

text of the task and dialog.

5.4.3 Hierarchical Plan

To streamline communication for long-horizon task plans, MICoBot groups

adjacent low-level steps into semantically meaningful abstract actions that can be dis-

cussed more succinctly with the human. The system only descends to a finer-grained

level of detail during negotiation over low-level step assignments, which reduces the

frequency and complexity of dialog, resulting in more efficient and user-friendly com-

munication.

5.4.4 L2: Iterative Planner Component Details

5.4.4.1 Robot Q-function QR training in OmniGibson

To train Q-functions for the robot, we first create a simulated OmniGibson

environment with a PAL Tiago robot and an environment that roughly matches the

relative locations of the relevant furnitures and objects. We then implement each

real-world skill first in OmniGibson. Fig. 5.5 depicts example frames from primitives

in task 1 and task 3 we run in the OmniGibson simulator to collect sample Q-values
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Task 1, Step 2: Pick package from shelf (left)
and place on coffee table (right).

Task 3, Step 3: Pick toy car from coffee table
(left) and place into gift box (right).

Figure 5.5: Frames from primitive rollouts in OmniGibson for task 1 (left two images)
and task 3 (right two images). Left and right images for each task capture early and
late frames of the skill. The square image at the top right of each frame represents
the robot’s camera view observation.

for each skill.

We collect samples of the form (o, a,T), where o is the initial observation of the

world, a is the skill-parameter pair (ω, θ) taken by the robot at o, and T is the number

of timesteps the robot takes to succeed at a from o. If the robot does not succeed in

its execution, then T is set to some fixed constant representing the maximum number

of timesteps allowed in each skill-parameter execution.

To train our Q-functions, we collect roughly 100 samples for each action a

and train with inputs (o, a) and target Q-values −T using ℓ2 regression with the

Adam Optimizer. Since our observations o are primarily symbolic but include some

positional information of the robot and objects, our network architecture is extremely

lightweight—2 linear layers with hidden size 32 and an output size of dimension 1 for

the Q-value.

5.4.4.2 Human Q-function QH Estimation

To estimate QH , we compute two terms. The first is the human’s stationary

cost—the number of seconds for the human to perform some task if the relevant items

were all right in front of them, within grasp. This term was copied from the output

of an LLM call, which was prompted with a natural language description of the low-

level step in the task alongside a URL to a product description of the toy car (for
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task 2). The second term is the human’s traveling time—the number of seconds for

the human to move from their current location to the object location. This was a

simple 2D Euclidean distance (in meters) between the assumed human location on

the couch (in the real-world user studies) and the location of the objects, divided by

the average human walking speed of 1.4m/s. We recognize this is a crude estimate

of human effort, and we discuss the limitations of this in Section 5.8.

5.4.4.3 Forward Dynamics Model

Our Q-functions rely on state and action inputs. However, computing the

best task allocation involves considering Q-values for future steps, which depends on

having knowledge of what the future state at that step will be. This involves creating

a forward dynamics model so that we can estimate the future state n plan steps

into the future, which can be difficult to learn accurately for continuous states. We

sidestep this problem by using symbolic states for our Q-values trained in simulation

and maintaining these symbolic states during our real-world experiments. A symbolic

state-based forward model is feasible to hardcode in our problem setting because we

assume that each action affecting change in the world is a skill-parameter physical

primitive, where the effect is quite easy to specify symbolically. For instance, the

effect of pickplace(bowl, coffee_table) is that the bowl moves from its original

furniture to the coffee table. Though this is a limitation of our method, learning a

forward dynamics model is not a contribution of our work, so we leave the extension

of our approach to continuous state representations to future work.

5.5 Experimental Setup

We evaluate MICoBot in the real-world, on a Tiago mobile manipulator work-

ing with 18 unique human participants on household tasks, and in simulation, on a col-

laborative framework we developed atop Mini-Behavior gridworld (Jin et al., 2023). In

our simulation framework, a robotic agent collaborates with a simulated human with
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parametrizable helpfulness and mood-varying dialog, which allows for larger-scale ex-

perimentation and controlled comparisons across methods across a wider range of

human behavior and dialog dynamics. A successful robotic collaborator must achieve

task success (our primary evaluation metric) while minimizing human effort (our sec-

ondary metric). We also report subjective measures of robot behavior, including

user satisfaction, preference rankings, and Likert-scale ratings.

5.5.1 Environment and User Study Protocol

In the real-world, we perform our experiments in a mock apartment with

a kitchen and living room area with commonplace furniture. In all of our tasks,

the robot and human work together on opposite sides of a coffee table. Simulating

a household setting, the participant spends nearly all of their time on the couch,

where they can do their personal (i.e., non-task-related) work. The human can be as

inactive or proactive as they wish in performing physical and verbal actions as defined

in Section 5.3 (though we continue the trial if they initiate dialog beyond the scope).

The exact instructions we read to human participants can be found in Appendix C.2.

Each human user study consists of two 20-30 minute trials, in which they

collaborate with both our method and a pure LLM baseline, ordered randomly. All

trials terminate under any of the following conditions: a primitive fails irrecoverably,

4T steps have elapsed for a plan of length T , an infeasible step is allocated to the

robot twice consecutively, or the human refuses twice to perform a step infeasible for

the robot.

In simulation, we ran our method, the three baselines (RL, LLM, random),

and our method’s four ablations (no pH,t estimation, no plan hierarchy, no R-initiative

dialog, and no H-initiative dialog) on eight different settings of parameterized humans

in simulation. These eight settings were a cross product of 2 dialog mood settings

(positive and negative) and 4 ground-truth p̃H,t ∈ {0.0, 0.3, 0.7, 1.0} settings (where

the p̃ denotes the ground truth probability while the plain p denotes our estimate).
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10 trials were run for each method in each of the eight settings for the parameterized

human.

5.5.2 Skills

To perform long-horizon household tasks, the robot has access to several

mobile-manipulation action primitives. pick_place_mobile(obj, place_loc) moves

to obj and places it atop place_loc, another object in a potentially different room.

pour(obj, cont) travels to obj and pours its contents into cont. Finally, fold(obj)

folds down box flaps.

To initiate and respond within mixed-initiative dialog, the robot uses the

following open-vocabulary verbal action primitives for dynamic collaboration with

the human: ask_for_human_help on a step the human is best suited to perform,

propose_split to split steps with the human, explain_incapability to ask the

human to perform a step that the robot can’t perform, and respond_to_human to

accept/reject requests the robot is capable/incapable of executing.

5.5.3 Baselines

Because multiple components of our method are powered by LLMs, we com-

pare our approach to a pure LLM baseline (LLM) given the same information as our

meta-planner: symbolic state, dialog history, task plan, and α human-robot effort

tradeoff factor. The LLM baseline is also provided with a list of the robot’s available

skills and assumes that the human always successfully completes a step once they

agree to perform it. The LLM baseline is prompted to produce a plan allocation

G that primarily optimizes for task success and secondarily minimizes human effort.

See our project site for the prompt for this LLM baseline (https://robin-lab.cs.

utexas.edu/MicoBot/static/txts/llm_baseline_prompt.txt).

To control for the amount of human effort in the user studies, we compute

an additional random allocation baseline that does not involve a human participant,
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RECB (random effort-controlled baseline). Let pc denote the proportion of steps

done by the human in our method’s trials. RECB randomly allocates the current

step to the human with probability pc and assumes a perfectly helpful human and

oracle robot primitives with 100% success rate.

In simulation, we additionally compare against a naive Random baseline

allocating either agent (with probability 50%) to perform the next step, and an RL

baseline (hierarchical task allocator + robot policy). For this RL baseline, we train

a hierarchical policy where the high-level policy was a task allocator that outputted

logits over two classes: 0 (Robot would perform current step), or 1 (Human would

perform current step). If the logit for 0 is higher, then the image observation is passed

into the low-level robot policy that decides the discrete physical action to take in the

world. Otherwise, the robot asks the human through a verbal action for help on that

step. We use sparse rewards, issued only when all 5 steps were completed in the

task, in the proper order. We initially trained the RL policy on two simulated human

settings: one where the human ground truth likeliness of helping, p̃H,t = 1.0, and

another where p̃H,t ∼ U [0, 1]. We were unable to obtain policies with any non-zero

training returns after thousands of iterations on the latter setting, so we only report

results on the former setting, which explains why the RL policy does not perform well

when p̃H,t is low.

5.5.4 Ablations

To measure the importance of mixed-initiative dialog, we perform the following

ablations in simulation: H-init and R-init, where the human or the robot alone,

respectively, can initiate any dialog. We further ablate components of MICoBot in

simulation by running it w/o P_H (no pH,t estimation) and w/o Plan Hierarchy

(where our method talks to the human in terms of granular, low-level steps instead

of more understandable, high-level subtasks).
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Figure 5.6: Real-world tasks from left to right: pouring package into bowl, assembling
toy car, and packing gift box.

5.5.5 Metrics

Success Rate. Success at each step is measured by whether the goal state

of a primitive has been achieved. For instance, a pickplace(obj, furniture) step

in the plan is marked as successfully completed if the obj ends up on the furniture

after execution. This means that primitive errors (such as a pickplace operation that

accidentally pushes an object off of the target location as the arm is retracting) count

as a failed execution. In Table 5.1, “% of task steps completed” is evaluated by tallying

up all of the steps in the low-level plan that have succeeded and dividing this by the

length of the plan. “Entire Task Success Rate” is defined as whether all plan steps in

a run have been successfully completed.

5.5.6 Tasks

We perform user studies on 3 real-world tasks, each with 6 users for a total

of 18 unique participants. (1) Pour package into bowl: bring the bowl, package,

and scissors from the kitchen, cut open the package, and pour it into the bowl. (2)

Assemble toy car: bring the car parts, wheels, and drill from the shelf to the coffee

table, drill in the wheels, switch the drill bit, and finally drill in the windows and

seats. (3) Pack gift box: fold the gift box, put tissue wrapping paper and a toy car

in the box, close the lid, wrap ribbons, and tape down a gift bow. Each task is 5 to 8

mobile manipulation steps long and requires varying degrees of human involvement.
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5.5.6.1 Task Details

Our real-world tasks are depicted in Fig. 5.6. In Task 1: Pour Package

into Bowl, the plan includes (steps 1-3) bringing the package, scissors, and bowl

from the kitchen to the coffee table, (step 4) opening the package with the scissors,

and (step 5) pouring the opened package into the bowl. The robot is incapable of

performing step 4 and must rely on human help. In Task 2: Assemble Toy Car,

the plan includes (steps 1-3) bringing the parts tray, drill, and wheels from the shelf

to the coffee table, (step 4) using the drill and wheel caps from the parts tray to

put the wheels onto the chassis, (steps 5-6) finding and switching the drill bit, and

(steps 7-8) screwing in the window and seats onto the car with the drill. The robot

is incapable of performing steps 4, 6, 7, 8, and has a low success rate for step 5. In

Task 3: Pack Gift Box, the plan includes (step 1) folding down the gift box flap,

(steps 2-3) putting the tissue paper and toy car into the box, (steps 4-6) putting on

the lid, getting the ribbons from the console table, and wrapping them around the

box, and (steps 7-8) cutting a piece of tape to stick the gift bow to the top of the gift

box. The robot is incapable of steps 4, 6, and 7 and has a low success rate for steps

2 and 5.

The minimum human effort required to complete the tasks ranged from just

one step in Task 1 to four steps in Task 2, enabling us to test how our system compares

with baselines in various regimes of dependence on human collaboration.

5.5.6.2 Hierarchical Plan Trees for Each Task

The robot assumes the human only knows the high-level plan. It communicates

about low-level steps only when necessary, such as to split up a high-level step. These

are the high and low-level step breakdowns for each task, which we call the plan

hierarchy. The low-level steps are listed here in skill-parameter pair format.

Task 1: Pour Package into Bowl (5 low-level steps)

1. Bring bowl and package to coffee table.
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(a) pickplace(bowl, coffee_table)

(b) pickplace(package, coffee_table)

2. Open package.

(a) pickplace(scissors, coffee_table)

(b) pick_open_place(scissors, package, coffee_table)

3. Pour package into bowl.

(a) pick_pour_place(package, bowl, coffee_table)

Task 2: Assemble Toy Car (8 low-level steps)

1. Bring parts to coffee table.

(a) pickplace(parts_tray, coffee_table)

(b) pickplace(wheels, coffee_table)

2. Assemble wheels.

(a) pickplace(drill, coffee_table)

(b) put_on(wheels, car, drill)

3. Switch drill bit.

(a) pickplace(hex_drill_bit, coffee_table)

(b) switch(hex_drill_bit, drill)

4. Assemble rest of car.

(a) put_on(window, car, drill)

(b) put_on(seats, car, drill)
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Task 3: Pack Gift Box (8 low-level steps)

1. Assemble box.

(a) fold(box_flap)

2. Put in gift.

(a) pickplace(gift_tissue_paper, box)

(b) pickplace(toy_car, box)

3. Seal the box.

(a) cover(box_lid, box)

(b) pickplace(ribbons, coffee_table)

(c) wrap(ribbons, box)

4. Decorate the box.

(a) cut_put(tape, scissors, box)

(b) pickplace(gift_bow, box_lid)

5.6 Experimental Analysis

Our experiments are designed to answer the following research questions:

5.6.1 Does our method achieve the best trade-off between task success
and minimizing human effort?

In our real-world user study (Table 5.1), MICoBot achieves a 78% task success

rate compared to 28% for the LLM baseline (statistically significant with p-value

0.007 under Fisher’s exact test). Additionally, MICoBot achieves a 94% task step

completion rate compared to the baseline’s 58% (statistically significant with p-value
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Pour Package in Bowl
n = 6

Assemble Toy Car
n = 6

Pack Gift Box
n = 6

Average
n = 18

MICoBot LLM MICoBot LLM MICoBot LLM MICoBot (ours) LLM

Entire Task Success Rate (%, ↑) 100 83 67 0 67 0 77.8± 15.7 27.8± 39.3
% of task steps completed (↑) 100 93 94 31 88 50 93.8± 5.1 58.2± 26.0
% of steps performed by Human 27 29 60 5 35 21 40.5± 14.2 18.2± 9.7

% Users Preferring ... (↑) 67 33 100 0 67 33 77.8 22.2
Communicative ability (↑, /5) 3.7 3.8 4.3 1.3 2.8 2.3 3.6± 1.0 2.5± 1.4
Awareness of its Limitations (↑, /5) 3.3 3.3 3.7 1.2 4.2 2.5 3.7± 1.4 2.3± 1.6
Overall Satisfaction working w/ Robot (↑, /5) 3.8 3.7 3.5 1.5 3.5 2.5 3.6± 0.8 2.6± 1.4

Table 5.1: Comparison between MICoBot (ours) and the LLM baseline across three
real-world tasks on both objective (top 3 rows) and subjective (bottom 4 rows) met-
rics. Ratings out of 5 are on the Likert scale. Through more effective task allocation
and communication, MICoBot achieves much higher task success rates and overall
user satisfaction.
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Figure 5.7: In both real-world user stud-
ies (top) and simulation trials with a
simulated human (bottom), our method
(red) demonstrates the best tradeoff in
achieving task success (y-axis) for a given
amount of human effort (x-axis) than
baselines (blue) and our method’s abla-
tions (pink).

Figure 5.8: Our method substantially
outperforms the pure LLM baseline in
user ratings averaged over all n = 18 par-
ticipants.

0.002 under the Wilcoxon-signed-rank test). In Table 5.4, we perform statistical tests

on all user study results from Table 5.1.

MICoBot understood its own limitations (through affordance functions trained

in simulation), and was hence better at leveraging human assistance effectively on the
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steps it was ill-suited to perform. The LLM baseline tended to prioritize minimiz-

ing human effort over task completion by allocating the robot multiple steps it was

incapable of, since the LLM lacked an understanding of the robot’s affordances.

Our method elicited more human effort than the baseline (40% vs 18%), so to

control for the amount of human effort received, we compare our method to RECB

in Figure 5.7. Despite RECB assuming oracle robot primitives and a perfectly co-

operative human, our method still significantly outperforms it by more effectively

balancing between success and human workload.

5.6.2 How do users feel about working with MICoBot?

The A/B blind preference test in Table 5.1 shows that 78% of users preferred

our method over the LLM baseline. Our method also significantly outperformed

the baseline in user scores on overall satisfaction, communicative ability, and ca-

pability in asking for a suitable amount of help (statistically significant under the

Wilcoxon-signed-rank test with p-values ranging from 0.007 to 0.024; see Figure 5.8).

In contrast, the LLM baseline often failed to express when it needed help and was

unwilling to reject human requests it could not fulfill, leading to task failures from

overpromising. A representative dialog exchange, available in Sec. 5.6.11, shows MI-

CoBot successfully persuading an initially reluctant user to perform a step the robot

was incapable of executing.

5.6.3 Is mixed-initiative dialog critical to our method’s performance?

Figure 5.7 (bottom) shows that our full method outperforms both ablated

variants that restrict dialog to single-initiative modes: robot-only initiation (R-init)

and human-only initiation (H-init). H-init performs especially poorly, as it prevents

the robot from requesting help for steps it cannot execute. R-init performs slightly

worse than the full method because it does not allow the human to proactively initi-

ate dialog and assist when appropriate. These results underscore the importance of
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mixed-initiative dialog in enabling flexible, robust human-robot collaboration.

In real-world user studies, MICoBot engaged in 2.4 dialog initiative shifts per

trial, compared to the LLM baseline’s 1.1. This enabled MICoBot to boost human

acceptance of help requests from 55% to 86%. The LLM baseline made far fewer help

requests per trial (0.9 vs. MICoBot’s 2.9) and achieved a smaller acceptance increase

(70% to 75%). This demonstrates mixed-initiative dialog is critical to collaborative

discussion and task success.

5.6.4 How important is pH,t estimation at adapting to human collabora-
tors?

A correct estimation of the true likeliness of a human to help, p̃H,t, is critical:

overestimation causes MICoBot to overly rely on human effort, potentially decreasing

user satisfaction, while underestimation lowers task success outcomes if the robot

needs to rely on its low-success-rate skills instead of asking the human for help.

First, we examine in Fig. 5.9 a real-world instance of how well MICoBot can

estimate the probability of the human helping on the next turn during the course

of a user study. After the robot’s help request was rejected twice in a row (top 2

red horizontal stripes), the robot’s helpfulness estimate of the human plummets to

0.05 (5% estimated likelihood of the human helping the robot). However, after the

robot explains its incapacity to use scissors, the human accepts the next two help

requests (in green) and the robot’s helpfulness estimate of the human increases to

0.8. Note that simple comments from the human, such as a “Thank you!” or “Good

job,” also had positive effects on the estimated pH,t, because the robot inferred that

the human was in a more positive mood and hence more likely to help. This graph

demonstrates that MICoBot is fairly competent at estimating a reasonable pH,t value

when calculating the human q-values for each step in the plan.

To analyze the effect of a good pH,t estimate on task allocation, we demonstrate

through a controlled toy-setting in simulation in Table 5.2 exactly how the optimal
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0.0 0.2 0.4 0.6 0.8 1.0
Estimated Probability of Human Helping on Robot's Next Request

H: Ok, I will do that now.

R: Could you please open the package with scissors 
and place it on the coffee table? Thank you!

H: Thanks for bringing the scissors.

R: [brings scissors to coffee table.]

R: Great! I'll happily place the scissors on the coffee table. 
Thank you for taking care of opening the package with the scissors!

H: Okay, if you bring the scissors, 
then I will open the package with the scissors.

R: I'm happy to place the scissors on the coffee table for you! 
However, I'm not able to open the package with the scissors 

and place everything on the table. 
Let me know if there's anything else I can do to assist!

H: I think you should bring the scissors 
and then you should use the scissors to open the package.

R: Let's collaborate to open the package! 
I can place the scissors onto the coffee table, 

and you can then use them to open the package. 
Thank you for your help!

H: There are no scissors on the coffee table.

R: Could you please open the package using the scissors 
on the coffee table? Thank you so much!.

H: Good job.

R: [brings bowl and package to coffee table.]

H: Please cut the package and pour it into the bowl.

Human Helpfulness Estimate Over Time
Probability Estimate
Human Rejection
Human Acceptance

Figure 5.9: From a real-world user study: MICoBot’s pH,t estimation (blue line) reacts
in real time to the human’s rejections (red), acceptances (green), and encouraging
remarks. All dialog is shown as y-labels. Green text denotes robot actions/dialog,
and blue text denotes human dialog. The timestep t increases from top to bottom on
the y-axis.

task allocation changes as the robot discovers more information about the human’s

willingness to help. Steps that are optimally allocated to the human are shown in

blue , and steps optimally allocated to the robot are shown in green . The Q-values

of the selected agent in each cell are shown in parentheses. Table 5.2 depicts a rollout

on the open and pour package into bowl (Task 1) in simulation, which has the same

5 step plan as the real-world Task 1 described in Sec. 5.5.6.1. Unlike our real-world

experiments, where α = 10, in Table 5.2) we set α = 0.3 for illustrative purposes,

which sets human effort to be around 3× cheaper than robot effort. In this toy setting,

we program the simulated human to reject the robot’s first help request but to help
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Table 5.2: Computed Best Task Allocation (and Agent Q-values) During a Sim Trial
on Task 1.

Env. Timestep Step 1 Step 2 Step 3 Step 4 Step 5
t = 0 H (-9.6) H (-7.2) H (-13.2) H (-2.4) H (-2.4)
t = 2 R (-13.0) R (-9.0) H (-13.2) H (-4.8) R (-1.0)
t = 6 – R (-12.0) H (-13.2) H (-4.8) R (-1.0)
t = 9 – – H (-13.2) H (-4.8) R (-1.0)
t = 16 – – – – R (-3.0)

the robot when it asks a second time.

Initially (t = 0), all steps are allocated to the human. When the human rejects

the initial help request from the robot, the pH,t estimate drops to 0.25, increasing the

Q-values of the human and switching the allocation of all but steps 2-3 to the robot

after just two environment timesteps (t = 2). (Recall that the robot cannot perform

step 3, and due to the hierarchical structure of our plan, steps 2 and 3 are bundled

together as an abstract step.) This demonstrates that having a good pH,t estimate is

crucial to adapt to the human’s willingness to help. Since the human demonstrated

initial unwillingness to help, MICoBot quickly learns to decrease its pH,t estimate

and allocate many more steps to itself by the second timestep. Had MICoBot not

properly estimated pH,t, the robot would have repeatedly asked the human for help

even if the human was extremely unwilling to, leading to worse user satisfaction in

working with the robot.

5.6.5 How does MICoBot and the LLM baseline perform with oracle
skills or oracle collaborators?

In Table 5.3, we compute two more oracle baselines based on our existing

real-world experiments that help us understand the performance of MICoBot and the

LLM-baseline: (B1) LLM baseline + oracle skills + oracle human (100% helpful), and

(B2) Oracle task allocator (Robot performs all steps it has > 0% success rate on) +

real-world skills + oracle human. While the real-world LLM baseline achieved 27.8%
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Table 5.3: Additional Real-world Baselines and Human Effort Efficiency

Real-World Task Metric LLM baseline MICoBot (B1) (B2)

Pour Package in Bowl

Success Rate (%, ↑) 83 100 83 41
Steps Completed (%, ↑) 93.3 100 93.3 64.5
Human Effort (seconds) 36.7 48 46.7 32.7
Success Rate (%) / Human Effort (s) (↑) 2.3 2.1 1.8 1.3

Assemble Toy Car

Success Rate (%, ↑) 0 67 0 11
Steps Completed (%, ↑) 29 94 54.2 43.2
Human Effort (seconds) 20.8 197.3 56.7 55.0
Success Rate (%) / Human Effort (s) (↑) 0 0.3 0 0.2

Pack Gift Box

Success Rate (%, ↑) 0 67 17 80
Steps Completed (%, ↑) 50 88 62.5 97.5
Human Effort (seconds) 12.5 37.5 25 45.0
Success Rate (%) / Human Effort (s) (↑) 0 1.8 0.68 1.8

Average

Success Rate (%, ↑) 27.8 77.8 33.3 44.0
Steps Completed (%, ↑) 58.2 93.8 70 68.4
Human Effort (seconds) 23.3 94.3 42.8 44.2
Success Rate (%) / Human Effort (s) (↑) 1.19 0.83 0.78 1.00

success rate (as seen in Table 5.1), (B1) achieved 33.3%, suggesting that the LLM

baseline was slightly hindered by primitive failures. Even with an oracle task

allocation, (B2) achieves only 44% success, underperforming our method at 77.8%,

demonstrating the importance of our method in optimizing for task completion while

minimizing human effort.

5.6.6 What is the success-to-effort ratio of MICoBot compared to the
baselines?

We also compute average human effort (seconds) and success rate per second

of human effort. Our method uses human effort nearly as efficiently (0.83 %/s) as the

oracle baselines (B1, 0.78; B2, 1.0). While the LLM baseline performs the best along

this metric at 1.19, its advantage is achieved solely through successes on the first task.

On the two more temporally-extended tasks, our method matches or outperforms all

baselines in success rate per unit of human effort.
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Table 5.4: Statistical Testing on Results Shown in Table 5.1

Metric MICoBot (ours) LLM baseline Statistical Test Test statistic p-val.

Overall User Satisfaction (↑, /5) 3.61± 0.95 2.5± 1.38
Wilcoxon
Signed-
Rank

W = 17.0 0.023540
Communicative Ability (↑, /5) 3.72± 1.41 2.33± 1.56 W = 8.5 0.009233
Asked for Suitable Amt. of Help (↑, /5) 3.61± 0.83 2.56± 1.42 W = 15.0 0.008636
Awareness of Its Limitations (↑, /5) 3.94± 0.85 2.61± 1.53 W = 16.0 0.006502

Success Rate (%, ↑) 77.8± 15.7 27.8± 39.3 Fisher’s Exact – 0.006709

Steps Completed (%, ↑) 93.8± 15.2 57.5± 30.6 Wilcoxon Signed-Rank W = 0.0 0.002031

Table 5.5: Mixed-Initiative Dialog Metrics

Metric (avg over each trial)
R = Robot, H = human MICoBot (ours) LLM baseline

# R-Helpreqs 2.9± 1.4 0.9± 1.1
Initial H acceptance rate 55%± 35% 70%± 46%
H acceptance rate after R-negotiation 86%± 27% 75%± 40%
R-init dialogs 3.6± 1.8 0.9± 1.1
H-init dialogs 2.9± 2.4 2.3± 2.9
Initiative Shifts 2.4± 2.1 1.1± 1.6

5.6.7 How persuasive and adaptive is MICoBot compared to the LLM
Baseline?

We evaluate the dialog of all our real-world user studies across the three tasks

and compile mixed-initiative metrics of MICoBot and the baseline in Table 5.5. MI-

CoBot boosts human acceptance of help requests from 55% to 86% with negotiation.

However, the LLM baseline, which succeeded at a far lower rate in our user studies,

made far fewer requests (0.9 vs. MICoBot’s 2.9) and achieves a smaller acceptance

increase (70% to 75%). MICoBot collaborates with a high level of robot and human

initiated dialog (3.6 robot dialog initiations vs. 2.9 human initiations, with 2.4 di-

alog initiative shifts/trial), whereas the LLM trials are human-initiative driven (0.9

robot dialog initiations vs. 2.3 human initiations, with 0.9 initiative shifts). This sug-

gests that mixed-initiative dialog helps enable MICoBot to have better task success

outcomes and user satisfaction ratings than the LLM baseline.
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5.6.8 How accurate is the Meta-planner and pH Estimator?

We tested LLM-generated meta-planner programs against manually-annotated

ground truth in 6 user studies (3 successful + 3 failed rollouts; 59 programs total).

The meta-planner achieved an 89.8% accuracy (53/59 programs).

We also tested MICoBot’s accuracy at estimating the likeliness of human help-

ing, pH,t. Across 33 estimates from the same 6 user studies, MICoBot’s mean absolute

error (MAE) against a ground-truth (proportion of human-accepted help requests so

far in the trial) was 0.11 (on a scale of 0 to 1.0). 76% of estimates were within

0.15 of the ground truth.

5.6.9 What are common real-world failure modes of MICoBot and the
LLM baseline?

See the failure breakdowns in our real-world trials for MICoBot (Figure 5.10)

and the LLM baseline (Figure 5.11). These failures are described in more detail in

Appendix C.3.

Task 1
6

Failed Trajs.
4

Successful Trajs.
14

Task 2
6

Task 3
6

Primitive Error
1

Human Factors
2

Metaplanner Parsing Error
1

Placing error
1

Asked robot to perform invalid step
1

Repeated human refusal
1

Figure 5.10: MICoBot mainly fails due to unwilling human collaborators. It also
experiences metaplanner and primitive errors.
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Task 1
6

Failed Trajs.
13

Successful Trajs.
5

Task 2
6

Task 3
6

Allocated Infeasible Step to Itself
7

Primitive Error
2

Object Detection Error
2

Human Refusal
2

Tried to put on wheels
1

Tried to put on lid
4

Tried to cut tape
2

Figure 5.11: The LLM baseline failed mainly by allocating itself steps it could not
perform, due to the LLM’s lack of knowledge of its own affordances.

5.6.10 Detailed Simulation Results Table

In Table C.1, we show the results of our method in a simulation version of our

real-world Task 1. Our method performs better than baselines especially in scenarios

where p̃H,t is low, because our method is able to take initiative through dialog, such as

by proposing ways to split up steps to make them more achievable with the simulated

human. The averages in Table C.1 are plotted in Fig. 5.7.

5.6.11 Dialog Excerpts from our User Studies

5.6.11.1 Convincing a Reluctant User to Perform a Step

Our system flexibly handles long dialog interactions like the following in Task

1 (opening and pouring the package into the bowl), where it manages to convince the

human to help with opening the package.

Robot “Could you please open the package using the scissors on the coffee table?

Thank you so much!”

Human “There are no scissors on the coffee table.”
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Robot “Let’s collaborate to open the package! I can place the scissors onto the

coffee table, and you can then use them to open the package. Thank you

for your help!”

Human “I think you should bring the scissors, and then you should use the scissors

to open the package.”

Robot “I’m happy to place the scissors on the coffee table for you. However, I’m

not able to open the package with the scissors and place everything on the

table. Let me know if there’s anything I can do to assist.”

Human “Ok, if you bring the scissors, then I will open the package with the scis-

sors.”

Robot “Great! I’ll happily place the scissors on the coffee table. Thank you for

taking care of opening the package with the scissors!”

Robot [brings the scissors]

Human “Thanks for bringing the scissors!”

Robot “Could you please open the package with scissors and place it on the coffee

table? Thank you!”

Human “Ok, I will do that now!”

Human [opens the package]

5.6.11.2 Failure Case

In this example, MICoBot is unable to act on human-provided motion-level

feedback (making the tissue paper “lay flatter”). Additionally, MICoBot misunder-

stands the human and thinks they are talking about the ribbons step when the human

is still talking about the tissue paper.

Human “Please pack the gift.”

Robot [Puts tissue paper into the box.]
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Human “It would be nice if the parchment was laying flatter.”

Human “The compartment is kind of squished underneath the car. If you can hold

the car for me, I can fix the parchment quickly.”

Robot “I’m sorry, but I can’t cover the box with the lid. Could you help with that

part? Thank you so much! Could you kindly help with sealing the box?

Specifically, could you cover the box with the lid? Thank you so much for

your assistance!”

Human “Yeah, I can, but can we fix the parchment first? If you can pick up the

toy car, I can fix the parchment.”

Robot “I’m delighted to hear you’ll help! Unfortunately, I won’t be able to wrap

the ribbons around the box.”

Human “Okay, that’s fine. We can get to that later. Let me put the lid to the box

on and then we can talk about the next steps.”

See our website for the complete set of dialogs and operations in our human tri-

als (https://robin-lab.cs.utexas.edu/MicoBot/user_study_dialog.html). Con-

trast them with the dialog of our user studies with the LLM baseline (https://

robin-lab.cs.utexas.edu/MicoBot/baseline_dialog.html), which exhibit con-

siderably less mixed-initiative dialog and collaborative success.

5.7 Conclusion

We proposed MICoBot, a real-world robotic system that improves collabora-

tion on long-horizon mobile manipulation tasks through mixed-initiative dialog with

humans. Our work unifies two previously unconnected lines of research: mixed-

initiative dialog and HRI. To this end, we formulated a novel optimization function

and robotic framework using mixed-initiative dialog as a rich interface for task allo-

cation to maximize task success while minimizing human effort and complying with
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verbally-expressed human preferences. Real-world user studies with 18 human partic-

ipants and extensive trials in simulation demonstrate the efficacy, adaptability, and

user satisfaction of our method across a diverse range of human physical and verbal

behavior.

5.8 Limitations and Future Work

MICoBot represents our pioneering effort on facilitating mixed-initiative human-

robot interaction through mixed-initiative natural-language dialog. While we focused

on delegating steps for long-horizon manipulation tasks in a manner that maximizes

task success and minimizes human effort, we believe this paper opens up exciting new

avenues for future work. These include enabling both agents to learn to provide and

incorporate spatial-temporal feedback to each other while performing a task, share

relevant task information in an imperfect-information setting, and replan and redefine

a task as necessary, all through mixed-initiative dialog.

MICoBot has a number of limitations. First, it assumes that the human and

robot work sequentially, and cannot handle cases where a robot and human wish to

collaborate simultaneously on the same step in the plan, such as if the robot holds

a roll of tape and the human cuts from it. Second, MICoBot assumes a fixed plan

with a predetermined ordering of steps, where the human has a general, high-level

understanding of the plan (but not the low-level steps that the robot plans over).

Our method could be improved with a more nuanced definition of “effort” beyond our

time-based metric.

Additionally, there are a number of improvements that could increase the

adaptability of our system to different human collaborators and to failures. The QH

functions do not adapt to human performance during an episode, nor do they con-

dition on an individual’s attributes. The only part of our framework that adapts to

the human, pH,t, is inferred based on their dialog sentiment. However, sentiment and

likelihood of helping can sometimes be inversely correlated in an individual (e.g., a
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super happy, polite human that never helps the robot). pH,t prediction can be further

improved by processing tone-of-voice and facial expressions, to enable producing more

emotionally understanding dialog, which can improve task success and user satisfac-

tion. Finally, MICoBot contains no loop to handle failures. The mobile manipulation

skills are executed open-loop, so if it experiences a skill failure, there is no mechanism

to self-recover or initiate dialog to request human help.
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Chapter 6: Transfer Learning in Guidebook
Grounding with Human Feedback for Robot

Manipulation

We introduced a dialog framework in Chapter 5 that enables more adaptive

and successful human-robot collaborative manipulation, but it did not address how a

robot can acquire new skills or improve existing ones. To acquire these skills efficiently,

robots can leverage language as a store of semantic meaning to extract actionable skill

priors from large-scale textual resources. However, text inherently lacks the high-

precision geometric and force information required for physical control. To overcome

this limitation and learn from sparse feedback, robots must simultaneously leverage

language as a communicative medium—building upon our earlier robot-initiative di-

alog capabilities to solicit on-demand human corrections. This chapter, based on

work currently under review, unifies these two core lines of the thesis by soliciting

human language feedback to refine textual semantic priors extracted directly from

guidebooks and user manuals.

6.1 Introduction

Consider a housekeeper in an unfamiliar home tasked with cooking and clean-

ing with a variety of appliances. To operate a previously unseen device, they would

naturally consult its user manual rather than resorting to uninformed trial-and-error.

We envision robot housekeepers that can also read guidebooks to rapidly learn new

tasks. Given the vast corpus of existing manuals, repair guides, and operating pro-

cedures, guidebooks represent a rich and largely untapped source of knowledge for

accelerating robot learning in new environments.

The central challenge is grounding guidebook knowledge in the robot’s per-

ception, action, and state spaces. At the perceptual level, the robot must associate
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{

“G” : {
  “part name”: “lid”,
  “3D point”: [0.64,0.25,0.34],
 },

“F” : {
  “part name”: “brew basket”,
  “3D point”: [0.53,0.01,0.22],
 },
 ...
}

Device Transfer

First Coffee Maker

Second Coffee Maker

def insert_filter_2():

“Drop the 
filter from a 
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Light Human 
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insert_filter_1():
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End
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End
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Symbol Grounding
Annotations

“lid”, “brew basket”, 
“minute button”, ...

Extracted Symbols

BookWorm

insert_filter_1():

Figure 6.1: BookWorm leverages rich information from guidebooks to aid skill syn-
thesis, action prediction, and dynamics understanding. To bridge action descriptions
with low-level robot control, BookWorm actively queries humans for feedback and
integrates it, updating our policy representation. We distill generalizable language
feedback to improve transfer to new devices and guidebooks, reducing the amount of
additional supervision needed to ground new guidebooks, tasks, and devices.

textual and diagrammatic entities in the guidebook, such as buttons, handles, and

indicators, with objects in its observations. At the action level, it must translate

high-level procedural instructions into executable robot motions. Beyond perception

and control, the robot must also understand the dynamics described in the guidebook

(e.g., pressing a particular button illuminates an indicator or opens a compartment)

in order to reason about task progress and detect failures during execution. While

human feedback can be queried to resolve such failures, it is inefficient to repeatedly

require similar corrections to learn each new appliance. To scale guidebook-driven

robot learning, the robot must not only ground guidebook knowledge on a single

device, but also transfer the knowledge acquired from previous devices to reduce

supervision when adapting to new ones.

To address these challenges, we propose BookWorm, Bootstrapping Object-
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grounded Operational Knowledge With On-demand Robot Mentoring, a framework

that uses guidebooks to initialize robot behavior, which is then refined through on-

demand human feedback. Our key insight is that guidebooks provide structured priors

not only for action generation, but also for understanding expected state transitions

during task execution. BookWorm uses this information to identify grounding and

task execution failures, recover from these failures with solicited human feedback,

and distill the resulting corrections into reusable knowledge that can be transferred

to future devices. As a result, the robot progressively improves its ability to ground

new guidebooks while reducing the amount of additional human supervision required.

To realize this framework, BookWorm (see Figure 6.1) integrates skill synthe-

sis, symbol grounding, and guidebook-conditioned dynamics understanding. Rather

than predicting raw robot trajectories directly, behavior is represented hierarchically:

a guidebook-conditioned high-level policy selects skills and parameters, while code-

based skills realize these decisions as robot motions.

We evaluate BookWorm on three real-world household appliances in both single

device settings and multi-device transfer settings. Our experiments demonstrate that

guidebook grounding improves task performance by 45 percentage points over the next

most successful baseline, that guidebook-conditioned dynamics prediction improves

state tracking and failure detection, and that distilled human feedback on one device

enables more efficient adaptation to novel devices.

Our contributions are threefold: 1) we introduce BookWorm, the first frame-

work for learning real-world robot manipulation tasks from guidebooks with hu-

man feedback; 2) we design an active-querying mechanism that refines guidebook-

conditioned policy priors on-demand with multimodal human feedback; 3) we show

that distilling guidebook-grounded human feedback into reusable knowledge enables

more efficient transfer to novel appliances while reducing the amount of required

human supervision.
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6.2 Related Work
6.2.1 Robot learning from guidebooks and textual guidelines

Closest to our setting, prior work has explored using furniture assembly man-

uals for real robot tasks by grounding visual diagrams and pictorial instructions in

visual observations (Tie et al., 2025b,a; Zhang et al., 2025a). However, these works

do not tap into the large reservoir of textual information in guidebooks, such as

step-by-step procedural information and environmental dynamics descriptions. Ap-

Bot (Zhang et al., 2025b) learns symbolic appliance models from manuals but focuses

on simple button-centric interactions. Unlike our work, it does not synthesize diverse

manipulation skills from the guidebook or refine them with human feedback.

A broader body of literature has studied sequential decision making in sim-

ulated domains, where an agent must follow a list of textual guidelines. Prior

methods learn policies from game manuals (Branavan et al., 2012; Wu et al., 2023b),

ground entities and dynamics in gridworld environment descriptions (Hanjie et al.,

2021; Narasimhan et al., 2018; Nguyen and Lee, 2025; Zhong et al., 2019), or enforce

language-specified constraints during RL training (Yang et al., 2021; Wang et al.,

2026b; Prakash et al., 2020; Lou et al., 2024). Unlike these settings, we study ground-

ing guidebooks to real-world, long-horizon manipulation tasks, where dynamics are

more stochastic and exhaustive RL exploration is infeasible. We instead treat the

guidebook as a structured prior over perception, action, and task dynamics. Our set-

ting also resembles rule-constrained real-world systems (Bai et al., 2022a; Censi et al.,

2019a; Ginting et al., 2025), but these works do not address guidebook-conditioned

skill synthesis, actively-queried human feedback, or efficient transfer to new domains.

6.2.2 Human-in-the-loop Robot Learning

Several works refine robot behavior from human feedback. DROC (Zha et al.,

2024) and LYRA (Meng et al., 2025) distill iterative human corrections into a library

of code policies, and Vocal Sandbox (Grannen et al., 2024) learns skill functions
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and environment entities from multimodal human feedback. Unlike these methods,

which assume constant human supervision or focus on skill acquisition from feedback,

we use guidebooks as the initial source of structured task knowledge and actively

query humans only when grounding or skill failures occur. Our query mechanism

is related to opportunistic active learning (Thomason et al., 2017a; Padmakumar

et al., 2018a), active predicate learning (Li and Silver, 2023), decision-theoretic query

arbitration (Bullard et al., 2018), and conformal prediction (Zhao et al., 2025; Ren

et al., 2023). While these methods decide to query humans through uncertainty

estimates over predefined symbols or classifiers, BookWorm uses detected mismatches

between guidebook-conditioned next state predictions and observed outcomes as a

signal to query for human feedback, allowing it to proactively address failures in

perception, skill execution, or skill selection.

6.2.3 Transfer and Continual Learning

We study the transfer learning setting where knowledge gained in one domain

can be cross-applied to more efficiently learn in a second domain (Taylor and Stone,

2009). We refer the reader to representative prior works in subfields of transfer

learning, including sim-to-real (Da et al., 2025; Salvato et al., 2021; Zhao et al., 2020;

Yu et al., 2024) and real-to-sim-to-real (Li et al., 2024c; Torné et al., 2024) transfer,

cross-embodiment transfer (Chen et al., 2024b; Yang et al., 2026, 2024; Team, 2023),

and multitask transfer (Jang et al., 2021; Jiang et al., 2022; Yu and Mooney, 2022).

None of these works have explored how guidebooks can aid in efficient transfer to

new devices and domains. Our transfer setting also differs from continual learning

benchmarks (Liu et al., 2023a) and approaches that mitigate catastrophic forgetting

through parameter regularization (Kirkpatrick et al., 2017), replay (Rolnick et al.,

2019), modular subnetworks (Rusu et al., 2016), maintaining a growing skill latent

library (Wan et al., 2024; Xu and Nie, 2025; Yao et al., 2025), or large pretrained

VLAs (Hu et al., 2026; Liu et al., 2026). Instead of mastering long task streams and

minimizing catastrophic forgetting, we focus on forward transfer on a target appliance
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by accumulating a symbolic skill library, grounding-related corrections, and distilled

human language corrections.

6.2.4 Code-based policies and reward functions

Our method builds on using executable programs to represent policies (Liang

et al., 2022; Singh et al., 2022; Arenas et al., 2024; Huang et al., 2023; Mu et al.,

2024; Wu et al., 2023a; Li et al., 2024b) and reward functions (Ma et al., 2024a; Yu

et al., 2023a; Xie et al., 2023; Wang et al., 2023). Code representations naturally

support skill composition, flexible parameterization, and language-based refinement.

Prior works on code-based policies focus on semantic generalization to different pick-

and-place tasks, and prior works on code-based reward functions focus on converting

natural language feedback to actionable goals for RL training. Neither line of work

addresses the core grounding challenge of synthesizing skills and policies from rich

prior knowledge extracted from guidebooks.

6.2.5 Language-conditioned dynamics and predictive robot models

Prior work has studied how natural language improves the representations

and predictions of latent dynamics and visual world models (Lin et al., 2023; Chen

et al., 2025; Gkountouras et al., 2025; Zhang et al., 2024; Dainese et al., 2023). In-

stead of learning a computationally expensive world model in pixel-space, BookWorm

leverages textual dynamics information from guidebooks to improve action predic-

tions and solicit human feedback when actual dynamics deviate from these textual

specifications.

6.3 Problem Setup

We study guidebook-conditioned robot manipulation. For each device D, the

robot is given a guidebook G and a task instruction l, such as “Brew coffee” or “Disable

the thermostat schedule.” In this work, we focus on using instructions, diagrams, and
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textual dynamics information from guidebooks to execute manipulation tasks, leaving

broader use of safety and troubleshooting information to future work.

At each timestep t, the robot receives an image observation It, state vector st,

and a textual interaction history ht. The state st is composed of end-effector pose,

joint positions, force measurements, and gripper state, while the history ht contains

previous language descriptions of states, executed actions, and any human feedback

received so far. We denote the task context as c = (G, l). The goal is to complete the

task specified by l on appliance D while minimizing the amount of human feedback

required.

We model robot behavior hierarchically. The high-level policy selects a skill

and its parameters,

π : It × ht × c× Ω 7→ (ωt, θt),

where Ω is the current skill library, ωt ∈ Ω is the selected skill, and θt contains the

parameters needed to instantiate that skill. This high-level skill-parameter pair is the

action space of the decision-making problem studied in this paper. The robot state

st is used by the selected skill implementation rather than by the high-level policy.

The selected skill is then executed by a low-level code-based skill implementa-

tion. Each skill maps its parameters and the robot state to a sequence of executable

robot motions,

ωt : θt × st 7→ Xt,

where Xt = {xt,i}ki=1 is a variable-length sequence of Cartesian end-effector poses.

Thus, the high-level policy decides what skill to execute and with which parameters,

while the low-level skill implementation determines how to realize that decision as

robot motion.

Some skill parameters correspond to symbolic guidebook entities, such as but-

tons, handles, lids, indicators, or compartments. These parameters must be grounded

before policy training. We use ΘG to represent the set of parameters requiring spa-

tial grounding. For each appliance D, the robot must construct a device-specific
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grounding map,

ΓD : ΘG → R3,

which maps guidebook entities to 3D locations in the robot workspace. Since appli-

ance geometry and layout vary across devices, these spatial coordinates are device-

specific and must be estimated for each new appliance.

6.3.1 Actively Queried Human Feedback

During training, the robot may query a human for feedback, which can be

freeform language feedback lHt to correct behavior, or visual annotation feedback

such as keypoints or polygonal regions to correct symbol grounding. To reduce human

supervision burden, we assume the human does not initiate feedback and may only

provide it when proactively queried by the robot. During evaluation, no human

feedback is available.

6.3.2 Single-task and Transfer Learning

We consider two learning settings. In the single-device setting, the robot learns

to perform a task on one appliance D using its guidebook and queried human feed-

back. In the transfer learning setting, the robot first learns on a source appliance

Ds and then adapts to a target appliance Dt from the same appliance category. The

target appliance may differ in geometry, layout, interface, and articulation, but its

shared functional mechanics enable the transfer of useful manipulation skills, recov-

ery behaviors, and human-guided corrections learned from the source appliance. The

objective is to more efficiently learn the task on Dt with less human feedback based

on experience gained from Ds.

Transferring to the target device does not entail simply reusing fixed spatial

coordinates from the source device. Instead, the target device must be re-grounded

using its own guidebook and observations. BookWorm leverages reusable knowledge

from the source device (i.e., skill implementations and distilled human feedback) to
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guide skill synthesis, grounding, and high-level decision making.

6.4 BookWorm

BookWorm instantiates the hierarchical problem setup from Section 6.3 via a

guidebook-grounded policy refined through human feedback and transferred across

devices (see Figure 6.2). Given guidebook G and task instruction l, BookWorm

builds an initial policy prior by synthesizing executable skills, identifying parameters

requiring grounding, mapping guidebook entities to segmentation masks, and pre-

dicting expected state changes per action. When observed outcomes diverge from

guidebook-conditioned expectations, BookWorm queries a human for corrective feed-

back and updates the policy accordingly.

The key design principle is reusable feedback. Corrections fix current failures

and are distilled into a knowledge base. To operate a new device more efficiently,

we leverage the knowledge base and skills from previous devices to establish strong

policy and grounding priors. To instantiate this framework, we rely on off-the-shelf

vision-language-models. Skill synthesis, policy-forward prediction, failure detection,

and feedback integration are all performed via GPT-5.4. Finally, symbol grounding

maps guidebook diagrams to open-vocabulary segmentation masks (GSAM-2), refined

with human annotations where necessary.

6.4.1 Guidebook-Grounded Initialization

BookWorm converts the guidebook into a policy prior over skills, grounded

parameters, and expected state transitions. First, BookWorm synthesizes the skill

library Ω based on the task context c = (G, l). This process decomposes high-level

guidebook instructions into semantically meaningful code-based skills (e.g., open-

ing a lid, inserting a filter) that are implemented via a low-level robot API (e.g.,

move_to_pose(...), open_gripper()). BookWorm must decide the skill functions

and their corresponding parameter spaces to achieve task context c. We use code-
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Figure 6.2: System Overview. BookWorm initializes a guidebook-grounded policy
by synthesizing skills, grounding entities, and predicting expected next states. During
training, it detects failures, queries humans for feedback, updates the policy and
skill library (⇒) using this feedback, and distills it into reusable knowledge. When
adapting to a new device, BookWorm leverages this reusable knowledge, alongside
the guidebook and visual observations of the target appliance, to reground its entities
and skills.

based skill representations as a structured interface between guidebook language and

robot control because they are synthesizable from instructions, editable via language

feedback, and structurally reusable across devices.

Second, to ground parameter entities ΘG of the skills, BookWorm constructs

a grounding ΓD mapping each θg ∈ ΘG to an xyz coordinate. GSAM2 (Liu et al.,

2023b; Ren et al., 2024; Ravi et al., 2024) runs on robot observations using queries

from ΘG, producing candidate masks backprojected into point clouds. The symbol

grounder then reasons over these masks, guidebook diagrams Gd, and entities ΘG to

assign 3D locations. Diagrams disambiguate visually identical parts distinguishable

only by guidebook labels. For any unresolvable entities, BookWorm queries a human

for keypoint or polygon annotations. Keypoints are processed by GSAM2 to generate

segmentation masks, whereas polygons act as direct masks; both are subsequently

backprojected and filtered to extract an xyz centroid coordinate for θg.

Third, with an initial skill library Ω in place, the high-level policy selects skill-
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parameter pairs (ωt, θt) to execute at the current timestep t. Inspired by unified VLA

architectures that function as both action and next state predictors (Wu et al., 2024;

Cen et al., 2025; Zhu et al., 2025a; Zhang et al., 2025c; Shen et al., 2026; Tian et al.,

2025; Wang et al., 2026a), the policy additionally predicts the expected post-execution

next state in language, l̂s,t+1:

πpf : It × ht × c× Ω→ (ωt, θt, l̂s,t+1),

By leveraging the guidebook to jointly predict actions and language-based next states,

πpf enables BookWorm to query human feedback on-demand when actual environ-

mental dynamics deviate from its predictions.

6.4.2 Feedback-Driven Refinement

The initial guidebook-grounded policy is often imperfect, with spatially im-

precise skills and incorrect high-level action predictions. To refine this, BookWorm

actively solicits targeted human feedback, crucially removing the need for constant

human supervision while enabling continual policy refinement. After executing high-

level action at = ωt(θt), a failure detector evaluates whether the observed next state

matches the predicted one:

fd : It × It+1 × l̂s,t+1 → [0, 1],

which returns the probability of action at resulting in an execution failure pfail ∈ [0, 1].

When pfail exceeds the threshold (50% in our experiments), the robot queries

the human for feedback lHt , ranging from skill-specific (e.g., “push the button harder”)

to high-level (e.g., “close the lid before changing the time”). Representative human

feedback is provided in Section 6.6.5.

The feedback implementer automatically applies corrections by scope. Skill-

specific feedback updates Ω, and general feedback enriches the policy context. In

parallel, corrections are distilled into knowledge base DH , separating device-specific

from transferable knowledge.
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6.4.3 Transfer Across Devices

When adapting to a new appliance, BookWorm reuses knowledge from prior

appliances in the same category. These devices often share task structure, manipula-

tion strategies, and relevant feedback, despite differences in geometry, layout, inter-

face, and articulation.

Given a target appliance Dt, BookWorm transfers the policy πpf from source

appliance Ds. The system establishes the target device grounding ΓDt using observa-

tions and the new device’s guidebook. The skill library Ω is then initialized from Ds.

To account for geometric and morphological differences, BookWorm generates new

skill variants using the target guidebook, the interaction history DH , and the up-

dated grounding ΓDt . During execution, the policy dynamically selects among these

skill variants based on current observations and the guidebook, minimizing required

human feedback on Dt while preserving capabilities on Ds.

6.5 Experimental Setup
6.5.1 Tasks

6.5.1.1 Overview

Single device Transfer Learning

Figure 6.3: Experimental Appliances by
Setting.

We evaluate our method on a

real-world Franka Emika Panda Arm in

both the single device setting and the

transfer learning setting between multi-

ple devices. Guidebooks are downloaded

as PDFs, with only the English-language

pages processed for efficiency. For the

single device setting, we evaluate on a

Honeywell thermostat (X2P-RTH20B) where the task is to disable schedule set-

tings by navigating multiple menus, and a Mr. Coffee maker (PC05) to load a

filter, brew coffee, and adjust the time. To evaluate multi-device transfer learning,
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we experiment with two device pairs. In the coffee maker pair, we first train on Mr.

Coffee, then transfer the learned policy to a novel, morphologically distinct Black-

and-Decker coffee maker (CM1160-W). In the waffle maker pair, we first train

on an Amazon Basics waffle maker (AB-258NA), then transfer to a Chefman

waffle maker (RJ04-V3). All tasks involve four discrete skill steps. See Figure 6.3

for our experimental appliances.

6.5.1.2 Task Details and Success Criteria

On the thermostat task of turning off the schedule settings, the thermostat

is placed in an axis-aligned pose with the screen right-side-up for the wrist camera.

The schedule setting starts “on,” and the thermostat is on the home screen and idle

(i.e., the screen is not lit). A successful end-state of the thermostat is (1) the schedule

setting has been turned to “off,” and (2) the robot has navigated back to the home

screen on the thermostat. To complete the task, the robot must: (1) Press left middle

button (“Menu”), (2) Press left bottom button (“Select”), (3) Press right down button

(which toggles the setting from on to off), (4) Press left top button twice (“Save &

Exit”, “Exit”).

On the Mr. Coffee maker, the task is to brew a cup of coffee immediately,

then adjust the time by at least two hours. The coffee maker is set near the center

region of the workspace, with its buttons visible to the overhead camera. Initially,

the coffee maker is plugged in with its lid open, and the reusable filter is placed a

few inches in front and to the right of the console on the coffee machine. Both the

“brew now” and “brew later” buttons are off (not illuminated). The goal is to ensure

that (1) the reusable filter has been placed inside the brew basket with the lid closed,

(2) the time has advanced at least two hours from the time in the initial condition,

and (3) the “brew now” button is illuminated. To complete the task, the robot must:

(1) Insert the coffee filter into the brew basket, (2) Close the lid, (3) Press the “Brew

Now” button, and (4) Press the “HR” button twice.
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On the Black-and-Decker coffee maker, the task is the same as on the Mr.

Coffee coffee maker, as this device is only used for transfer learning experiments. As

such, the initial and goal conditions of this task and device are also extremely similar

to that of Mr. Coffee Maker. The main difference is that the light indicator after

pressing the brew button is located in the black screen, instead of on the button. To

succeed, the robot must: (1) Insert the coffee filter into the brew basket. (2) Close

the lid. (3) Press the “On/off” button. (4) Press the “hour” button twice.

On the Amazon Basics waffle maker, the task is to make a light brown

waffle. The waffle maker starts opened, with the dial set to off, and a cup of waffle

batter off to the side. The goal is to (1) ensure the waffle has been cooked at light

brown setting, and (2) the knob is back to off at the end of the task. To complete

the task, the robot must: (1) pour batter into the waffle grill bottom, (2) close the

lid, (3) turn the knob to the “light” setting, and (4) turn the knob back to the “off”

setting.

On the Chefman waffle maker, the task is the same as on the Amazon

Basics waffle maker, as this device is also only used for transfer learning experiments.

Thus, the initial and goal conditions of this task and device are also extremely similar

to that of Amazon Basics waffle maker. The main difference is that the knob must

be turned to different angles for the same browning settings. The four steps on this

waffle maker are the same as the previous waffle maker.

6.5.2 Training and Evaluation Procedure

For each method on each device, we train for five trials, during which the

human can be queried for corrective natural language feedback, before evaluating

for ten trials. All trials have a maximum horizon of 12 timesteps, and all methods

emit an empty action to terminate the trial. After providing feedback, the human

operator manually resets the scene if an irrecoverable failure has occurred, allowing

the trial to resume. During evaluation, all modules are frozen and operate without
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human supervision. Consequently, the failure detector is disabled, though the policy

continues to predict the next state to improve skill and parameter selection.

6.5.3 Metrics

We evaluate three key metrics: (1) full task success, where all steps must be

performed in the correct order; (2) step completion rate, the average proportion of

consecutive steps completed (out of 4 steps per task); and (3) number of human

feedback rounds, to quantify human training effort.

6.5.4 Baselines

6.5.4.1 Overview

In the single device setting, we compare against Code-as-Policies (CaP) (Liang

et al., 2022) and Promptbook (Arenas et al., 2024). CaP directly creates skill func-

tions from a guidebook but does not explicitly ground action or dynamics information

from the guidebook, nor solicit human feedback. Promptbook is similar to CaP but

adheres to more concrete prompt guidelines and can query for human feedback. In the

transfer learning setting, we compare against Experience Replay (Rolnick et al.,

2019), which is provided the same human feedback as our policy. All baselines are

provided the same observations as our method.

6.5.4.2 Baseline Implementation Details

Code-as-Policies (CaP) (Liang et al., 2022). At the beginning of each

episode, CaP creates a new skill library in Python. At each timestep of the episode,

CaP predicts the skill-parameter call as the action to execute in the world, and an

optional skill function redefinition for any ω ∈ Ω, which redefines ω for all future

timesteps in the episode. Consistent with the original paper, our CaP baseline lacks

human-in-the-loop capabilities and is therefore trained without human feedback.

PromptBook (Arenas et al., 2024). The key differences between Code-as-
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Policies and Promptbook are the 7 specific ingredients in the prompt of Promptbook,

as specified in the paper, and its access to human feedback. Promptbook is permitted

to optionally redefine any skill function and query for human intervention upon de-

tecting a lack of progress. At the end of each episode, the human has the opportunity

to provide episode-level feedback to Promptbook, which is integrated in the context

of the next episode. Because Promptbook supports human refinement, we allow it to

maintain the same, continually updating skill functions over each episode, similar to

our method.

Experience Replay (Rolnick et al., 2019). Experience replay is a simple and

popular approach from the continual learning literature, where data from older tasks

are co-trained with data from the current task to prevent catastrophic forgetting. We

implement experience replay by injecting an aggregated history of human feedback

directly into the policy’s context. This history consists of identical feedback to what

our method accumulated for both the policy and skill functions during its five training

episodes per device. However, experience replay omits the failure-triggered, iterative

human interventions that are central to the performance of BookWorm.

6.5.5 Ablations

In the single device setting, we test four ablations of our method: not using

the guidebook for planning or skill synthesis (No guidebook), not predicting the

next state with the policy (No next state pred.), and not having human language

feedback (No human feedback). In the transfer learning setting, we ablate the

value of skills learned and feedback accumulated from the source appliance by training

everything from scratch on the target appliance (Ours, Single Device).

6.6 Experimental Results

To evaluate our framework, we seek to answer three research questions: (RQ1)

Does our method effectively implement and execute actions from guidebooks? (RQ2)
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Does our method effectively utilize dynamics information from guidebooks? (RQ3)

Can knowledge acquired from previous devices be leveraged to more efficiently learn

on new devices within the same category? Figure 6.4 visualizes the results for RQ1

and RQ2 in the single device setting (left), and RQ3 in the transfer learning setting

(right). Across all conditions (10 trials per bar), solid bars denote full task success,

while hollow, diagonally-striped bars represent step completion rates. We answer each

question below.
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Figure 6.4: Left: In the single device setting, our method outperforms prior work
baselines and all ablations on both devices. Right: In the transfer learning setting,
our method achieves comparable success as ablations and baselines when learning the
first device, but greatly reduces human effort compared to a single-device ablation
learned solely on the second device.

6.6.1 RQ1: Skill execution and implementation from guidebooks

Removing the guidebook from the policy and skill synthesizer (No Guide-

book) decreases the average single device success rate of BookWorm from 80% to

10%, confirming that guidebook grounding is necessary for both skill synthesis and

sequential planning. However, the guidebook alone is not sufficient for enabling per-

formant policies. We also demonstrate the importance of soliciting human feedback
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for refining our guidebook-initiated policies. Our method without human feedback

only averages 35% over the two devices.

We also compare to prior works CaP and Promptbook to measure how effec-

tively they can formulate policies grounded to guidebooks. CaP and Promptbook

achieve 35% and 10% respectively, far lower than ours.

6.6.2 RQ2: Guidebook Dynamics for State Tracking and Failure Detec-
tion

In BookWorm, the policy jointly predicts the action and the resulting next

state in language. Removing next-state prediction from the policy drops performance

from 80% to 40%, demonstrating that BookWorm actively grounds guidebook dy-

namics in real-world transitions to enable better action predictions.

6.6.3 RQ3: Transfer Learning Across Devices

In the transfer learning setting, our method adapts more efficiently, with fewer

rounds of human feedback, to the new appliance than all other methods tested. Our

method performs 55 percentage points (pp) better than the Experience Replay

baseline when averaged over both pairs of devices, despite using the same amount of

human feedback. This further demonstrates BookWorm’s ability to extract general-

izable information from prior devices’ guidebooks when transferring to new devices.

Compared to our single-device ablation that does not transfer knowledge between

devices, BookWorm achieves, on average, a 40 pp higher success rate on the target

device with 50% to 78% less rounds of human feedback. This demonstrates that our

transfer mechanism, which distills generalizable language feedback and refines skill

functions from the previous device, significantly improves transfer to new devices

within the same appliance class while reducing device-specific human supervision.
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6.6.4 Common Failure Modes of BookWorm

On the thermostat, common failure modes during training include pressing

the button too lightly so that it doesn’t register, pressing the button too hard so that

a single press registers as multiple presses, and pressing a button after the screen has

timed out. Because our VLM-based policy takes several seconds to act, the screen

often resets before the skill executes, applying the correct action to the wrong state.

On the Mr. Coffee maker, common failure modes include spatial imprecision

when pressing buttons and failing to terminate the episode promptly. BookWorm

would often continue pressing the “hour” or “brew now” buttons even after completing

the task, sometimes undoing its own progress and turning off the coffee maker in the

process.

On the Black-and-Decker coffee maker, BookWorm primarily struggles

with the low-level control required to close the lid. This action is highly sensitive to the

appliance’s initial pose; slight positional variations often leads to inverse kinematics

(IK) failures at prescribed skill waypoints, which inadvertently shifts the machine

during execution. It is also very sensitive to the precise waypoints and robot pose,

and being a few centimeters off often resulted in skill failure. Similar to the other

devices, spatial imprecision during button presses constituted the remaining failure

cases.

On the Amazon Basics waffle maker, BookWorm most commonly fails

when terminating too early (immediately after the lid has closed). BookWorm did

have any recorded failures during evaluation on the Chefman waffle maker.

6.6.5 Representative Human Feedback

We list some representative examples of human feedback on three sets of ex-

periments.

Thermostat. Task: Turn off the schedule settings.
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• “When encountering unfamiliar screens, press ’save and exit’ or ’back’ to return

to a more familiar screen.”

• “When button pressing, press 20% harder.”

• “Move 0.5cm in the +y direction when pressing the top left button.”

Mr. Coffee Maker. Task: Brew a cup of coffee and adjust the time.

• “Try placing the filter into the brew basket again. You hit the coffee maker

when trying to put the coffee filter in, leading to it not getting in. Try to get

the filter higher (+z direction) before putting the filter in.”

• “To close the lid, do not open then close your gripper. The lid does not open

about the y axis, it opens about the x axis. Keep the gripper closed, move to a

waypoint to the left of the lid (-y direction), then to a waypoint to the right of

the lid (+y direction).”

• “Move 0.7cm more forward when pressing buttons.”

Black-and-Decker Coffee Maker. Task: Brew a cup of coffee and adjust the time.

• “Open the gripper after the robot reaches the waypoint right above the brew

basket. Do not move to a waypoint lower inside the brew basket.”

• “When closing the lid, increase your last two waypoints by roughly 5cm in

height.”

• “Change your button pressing offset to be 1.5cm further to the left.”

6.7 Conclusion

We presented BookWorm, a framework for learning real-world robot manip-

ulation tasks from guidebooks by grounding entities, synthesizing executable skills,
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and using targeted human feedback to refine and transfer the resulting policy. We

empirically showed that our method better utilizes guidebook information than prior

works and greatly decreases the amount of human effort needed to learn new devices

within the same class in a transfer learning setting. We believe BookWorm opens

the door to leveraging the large corpus of human-written domain information to help

robots more efficiently learn physical tasks in real households, and that it can sub-

stantially improve sample efficiency over robot learning frameworks that do not use

guidebooks.

6.7.1 Limitations and Future Work

We experimented with only code-based skill representations. While this rep-

resentation allows for easy extraction from language guidebooks and refinement with

language feedback, it has limited expressivity for articulated appliances where precise

waypoints and end-effector orientations are needed. Future work can examine having

a hybrid skill library of code-based and learned policy heads to further bridge the gap

between textual guidebooks and low-level control. Actions like pick-and-place can be

easily represented as code-based skills, while precise and contact-rich insertion tasks

may require RL-trained skills.

Furthermore, BookWorm primarily considers how guidebook information can

influence skill synthesis, planning, and dynamics understanding. Future work can

further exploit guidebook information to learn symbolic reward functions for better

progress monitoring and action prediction, or to initialize safety-oriented constraints

to help robots avoid hazardous situations cautioned against in guidebooks.
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Chapter 7: Future Work

7.1 Language for Faster Learning and Transfer
7.1.1 Language Priors for RL

In DeL-TaCo (Ch. 3) and Lang4Sim2Real (Ch. 4), we explored how language

can facilitate transfer to new tasks and new domains with multitask imitation learning

policies. While we used a Q-learning framework inspired by temporal-distance RL in

MICoBot (Ch. 5), we did not actually experiment with how language can enable RL

to learn faster. Since the primary bottleneck of real-world RL is sample efficiency,

leveraging language to accelerate RL is one of the most potent areas for future work.

While prior work (Goyal et al., 2019, 2020; Yu et al., 2023a; Ma et al., 2024a; Torne

et al., 2026) has explored how to use language to shape reward functions that expedite

RL, another less-explored area is using language to shape policy and behavioral priors

for more efficient, semantically meaningful exploration.

Standard RL in continuous action spaces typically parameterizes the policy

as a Gaussian distribution over actions. Sampling actions from a Gaussian policy

during exploration is inefficient, as this distribution typically produces random, noisy

movements rather than semantically meaningful behavior. To improve exploration

efficiency, we replace the Gaussian with a multimodal action distribution where each

mode represents low-level actions conditioned on a distinct language instruction. This

expressivity enables the policy to capture a wide range of semantically distinct behav-

iors. Here, language acts as an intermediate action space La bridging the high-level

(πhi) and low-level (πlo) policies.

We consider the following potential formulation. πhi predicts a categorical

distribution over freeform, language-specified actions that elicit semantically diverse

behaviors, such as picking up, pouring, or sliding different objects on the scene. πhi

outputs action probabilities that dictate the probability mass on each of the modes of
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the continual multimodal action distribution outputted by πlo. Concretely, for state

space S, language action space probability simplex ∆(La), and low-level action space

probability simplex ∆(A),

πhi : s→ ∆(La) (7.1)

πlo : s×∆(La)→ ∆(A) (7.2)

To represent a multimodal action distribution with a flexible number of modes,

πlo can be instantiated as a flow-based model (Dinh et al., 2015, 2017; Rezende and

Mohamed, 2016), an architecture proven to enable faster, semantically meaningful

exploration (Singh et al., 2021). By conditioning the low-level action distribution

∆(A) on the higher-level language-based action distribution ∆(La), the proposed

policy can likely produce more expressive, semantically-informed exploration priors

than what standard RL provides.

7.1.2 Language for the IL-RL paradigm

Because online RL from scratch is typically intractable for tasks more complex

than pick-and-place, a prevailing paradigm for acquiring spatially precise policies is

to initialize a base policy via imitation learning (IL) before fine-tuning it with online

RL (Rajeswaran et al., 2018). Similarly, offline-online RL algorithms like AWAC (Nair

et al., 2021a) and Cal-QL (Nakamoto et al., 2024) perform offline RL (effectively,

advantage-weighted imitation learning) to acquire an initial policy before online RL.

However, these learning paradigms assume access to a sufficient amount of

demonstrations. Acquiring this data is often prohibitively difficult for highly complex

systems, such as quadrupedal robots with onboard manipulators that require whole-

body teleoperation. How can language and VLMs act as semantically informed action

priors to better guide downstream RL exploration?

In situations where robot demonstrations are infeasible to teleoperate, we pro-

pose a Language-based Behavior Prior→ Human Feedback→ RL learning paradigm.
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Initially, we use (1) language-guided high-level reasoning priors, such as LLM/VLM

code-based skills (Liang et al., 2022; Huang et al., 2023) or directional cues for naviga-

tion (Nasiriany et al., 2024), that are distilled into a policy representation that is then

(2) updated with human feedback and (3) finetuned with RL to have millimeter-level

precision downstream.

Human feedback in (2) should be multimodal, similar to BookWorm (Ch. 6),

where language is used for high-level corrective feedback and keypoints for fine-grained

corrections and grounding. One of the key research questions in developing this

new learning paradigm is how to create a policy representation that can effectively

incorporate human language feedback in step 2 and then be efficiently finetunable in

step 3. Representations based on Code-as-Policies (Liang et al., 2022) facilitate step 2

but are not the best choice for step 3 without some factorization, such as formulating

the RL action space to be the value of a few waypoints in the code. A straightforward

option is to distill the policy representation acquired after steps (1) and (2) into an

initial demonstration dataset, on which offline and then online RL can be performed

to acquire a spatially precise policy.

7.1.3 New Forms of Natural Language for Robot Learning

In this thesis, we considered language task descriptions with DeL-TaCo (Ch. 3),

scene descriptions with Lang4Sim2Real (Ch. 4), task allocation dialog with MICoBot

(Ch. 5), and human corrections with BookWorm (Ch. 6). While other categories

of language were not investigated in this thesis and remain largely absent from the

broader literature, they hold significant potential to unlock performance and sample

efficiency gains for robot learning.

7.1.3.1 Task analogies and symmetries

Language task instructions only provide a signal for how similar two tasks are

based on their distance in language embedding space. We propose using language
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analogies to teach robots new tasks more efficiently based on their understanding of

previous tasks. For instance, if one wants to teach a robot how to sprinkle salt on

a dish, and the robot already knows how to pour water and shake a bottle, one can

say “putting salt on a dish is similar to pouring while shaking the salt container,”

which leverages the analogy that put_salt ≈ pouring + shaking. Humans teach

each other through many such analogies, which we expect to also help when teaching

robots. This extends the idea of vector space arithmetic in NLP (Levy and Goldberg,

2014; Ethayarajh et al., 2019; Allen and Hospedales, 2019; Mikolov et al., 2013), based

on the classic king− man+ woman = queen analogy.

Just as semantic analogies can be leveraged to learn new skills, geometric

symmetries can be exploited to efficiently learn physical behaviors. Recent robot

learning literature leverages inherent geometric symmetries to train sample-efficient

equivariant models (Wang et al., 2022c,b; Zhu et al., 2025b). While these works

do not leverage language, future work should explore how to teach approximate 3D-

space symmetries through language to a robot learning model. For instance, a stirring

motion in a pot is similar to a circular wiping motion on a table, when we view the path

of the hand in the xy plane. The key research question is how to leverage language-

specified analogies and symmetries across multiple verbs to learn new motions. This

is particularly challenging when applying these verbs to different scene objects, which

prevents directly transferring trajectory paths.

7.1.3.2 FAQs and common trouble-shooting advice

Robots fail often while learning. To mitigate failure modes, researchers usu-

ally use DAgger (Ross et al., 2011) to collect expert data on recovery from out-of-

distribution states, or refine the policy with human-in-the-loop language feedback.

We propose an area of future work that leverages self-diagnosing knowledge bases

and trouble-shooting guides online. For instance, on wikihow and user’s manuals,

there are FAQs and common trouble-shooting advice that are useful to humans per-

forming a long-horizon task. Research in this area must address two core questions:
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(1) how to ground textual and diagrammatic error symptoms to the robot’s visual ob-

servations, and (2) how to translate high-level troubleshooting advice into continuous

control actions.

7.1.4 Cross-Embodiment Learning with Language

In DeL-TaCo (Ch. 3) and Lang4Sim2Real (Ch. 4), we explored how to use

language-shaped representations to efficiently transfer policies to new tasks and en-

vironment domains. We expect a similar language-shaped, domain-invariant repre-

sentation to effectively facilitate morphological transfer, helping adapt skills across

different robot platforms or translate human video demonstrations into robot actions.

Another promising direction for cross-embodiment learning lies in using lan-

guage as a mid-level action representation for a hierarchical policy, similar to RT-

H (Belkhale et al., 2024) and YAY-Robot (Shi et al., 2024). In these works, the

policy is factorized into a high and low level. The high-level emits tokens of nat-

ural language actions, such as “move your arm left,” and the low-level policy con-

verts the language tokens into continuous space end-effector control. While RT-H

and YAY-Robot experimented with a single morphology, their policy factorization is

promising for cross-embodiment learning because the high-level policy can serve as a

morphology-agnostic backbone while the low-level policy is trained to be morphology-

specific. The challenge here lies in determining the appropriate granularity of this

mid-level language action representation, since a robot’s morphology can still impact

the feasibility and optimality of the mid-level language action sequence. Further-

more, the high-level policy must learn representations general enough to facilitate

cross-embodiment transfer without sacrificing the adaptability of the low-level policy

to new morphologies.
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7.1.5 Learning Complex Reward Functions from Language

Future work can build upon language-guided reward functions (Goyal et al.,

2019, 2020) and its extensions to LLM code-written reward functions (Yu et al., 2023a;

Ma et al., 2024a). Specifically, we can expand on recent work (Torne et al., 2026)

that leverages freeform language to define human preference axes and then trains

reward models to guide upside-down reinforcement learning (Schmidhuber, 2020) for

vision-language-action policies.

Some user preferences are spatial (“stay far from the laptop”) while others are

more temporal and behavioral (“move slower when you are around people”). Different

preferences may require different reward function representations. Can we use a

mix of VoxPoser (Huang et al., 2023)-like rewards (which are voxel-based reward

landscapes) for user preferences that involve spatial precision, and rewards based on

latent trajectory representations for temporal and behavioral user-preferences?

7.2 Language for Smoother HRI

In MICoBot (Ch. 5), we described a system for human-robot collaborative

manipulation with flexible, bidirectionally-initiated dialog, and in BookWorm (Ch. 6),

our guidebook-following robot incorporated on-demand human corrections to update

its skills. We propose future work directions that combine both of these threads.

7.2.1 Human-robot collaboration with Mixed-initiative Teaching

MICoBot (Ch. 5) cannot learn new skills or improve its success rate on exist-

ing ones based on collaborative experience. Consequently, even with a consistently

helpful user on a repeated task, the robot’s reliance on human assistance never de-

creases. While MICoBot (Ch. 5) adapts to the human’s helpfulness within a single

trial, practical household deployment requires a collaborative robot that continually

improves its skills and adaptiveness to human preferences across days and weeks.
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Creating a continually learning collaborative robot raises a few interesting re-

search challenges. First, when the human executes task steps that exceed the robot’s

current capabilities, how should onboard sensor data be used to capture human phys-

ical actions to facilitate subsequent skill learning? Second, how can the robot leverage

its physical and verbal action spaces to actively guide human demonstrations—such

as requesting specific initial or final object configurations—to collect more diverse

training data? Third, what criteria should the robot evaluate to decide when to ini-

tiate a request for the human to perform the next step, to collect this data? Fourth,

when should the robot take the initiative to demonstrate a skill to the human, either

to adjust the environment for a seamless handoff (e.g., placing objects in specific

configurations) or to teach the human novel skills, such as operating an unfamiliar

appliance? More fundamentally, how might optimizing how a robot teaches humans

simultaneously improve how it learns from them?

7.2.2 Real-time Simultaneous Collaboration

In factory and home settings, many tasks cannot be done physically by either

agent alone, such as moving large pieces of furniture. During MICoBot (Ch. 5) user

studies, a participant asked the robot to cut a piece of tape while they peeled it away.

In these scenarios, simultaneous co-manipulation requires real-time spatial awareness,

continuous and bidirectional physical feedback, and explicit verbal coordination re-

garding agent trajectories and object states (e.g., “While I lift the from two legs of the

table, pull the carpet out,” or “Angle it to your left through the doorway, and I will

move slightly to my right”). Mixed-initiative dialog is essential in these situations.

How can we extend MICoBot (Ch. 5), which operates on a predetermined

plan, to this real-time, simultaneous human-robot collaboration setting? First, both

agents must have a open-world, real-time perception pipeline, enabling the robot to

constantly update its state representation of the world. It must track the 3D scene

and relative pose of task-relevant objects. Second, to physically coordinate with the

user in real time and anticipate their movements, the robot needs a short-horizon
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forecasting model of human trajectories (similar to MOSAIC (Wang et al., 2024)).

This human model should be conditioned on the previous dialog history and 3D

scene representations. Third, it must decide whether to initiate dialog to influence

this forecasted human motion trajectory and when it should communicate its own

trajectory plan.

A key technical challenge lies in enabling intra-step initiative shifts. Unlike

MICoBot (Ch. 5), where initiative shifts only occur after task steps are completed,

the new system must fluidly accommodate initiative shifts during the execution of

individual steps. This demands a highly responsive mechanism for seizing and ceding

initiative. One possible trigger for seizing initiative would be to mitigate safety risks,

such as preventing imminent collisions outside the human’s field of view. Upon as-

suming the lead, the system must plan out, spatiotemporally synchronize its actions

with the user’s, and generate concise verbal dialog to facilitate this physical coordina-

tion. Upon ceding initiative, the robot must seamlessly transition into a compliant,

instruction-following system.

Building such a real-time system involves drastic time complexity improve-

ments over current state-of-the-art VLMs. In MICoBot (Ch. 5), system latency is

heavily bottlenecked by computation: the meta-planner requires ≈ 15 seconds per

call, while the mobile manipulation primitives require ≈ 20 seconds for segmentation

and object selection alone, before physical execution occurs. While serviceable for

controlled user studies, this latency is too high and lacks responsiveness for practical

household collaboration tasks like moving furniture.

To improve sample complexity, we can incorporate three advances from the

speech and language community. First, we can deploy a hierarchical System 1/Sys-

tem 2 architecture, where a lightweight model handles immediate, reactive dialog,

while complex queries are routed to a slower, larger reasoning model that runs in the

background (Lab, 2026; OpenAI, 2026). Second, we can enable full-duplex communi-

cation (Défossez et al., 2024), allowing the robot to process human interruptions and
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environmental audio simultaneously while speaking to the human and acting phys-

ically. Finally, we can apply anticipatory generation to the robotics setting, where

transformer-based models learn to initiate computation before the human finishes

their query, saving several seconds of latency (Shih et al., 2025).

7.2.3 Improving Human-Robot Co-Adaptation

In MICoBot (Ch. 5), we saw how bidirectionally-initiated dialog can greatly

enhance human-robot collaboration. During the course of collaboration, both agents

continually adapt to each other. For instance, MICoBot (Ch. 5) is designed to con-

tinually adapt to the human’s preferences and willingness to help over time, and the

human may also quickly develop new strategies for working with the robot. We call

this phenomenon co-adaptation, also known as entrainment in the dialog systems

community. However, we did not study the human side of co-adaptation and entrain-

ment. For instance, we observed that users quickly understood the limits of robot

capabilities, which caused some users to give up on collaborating with the robot for

chunks of the task that they pre-judged it unable to perform. In one user study, impa-

tience with the robot’s speed caused one participant to perform the entire rest of the

task. To mitigate this drop in collaboration and improve the robustness of MICoBot

(Ch. 5) to human behavioral changes, future research must examine mixed-initiative

teaching (Sec. 7.2.1) and low-level motion feedback integrated into the dialog loop.

These additions would enable continuous mutual improvement: humans could inter-

actively correct suboptimal policies, while the robot provides feedback about initial

condition constraints under which it can perform skills accurately, thereby preventing

the break in collaboration observed in our studies.

Studying human-robot co-adaptation would require within-subjects studies

over several weeks that explore different facets of continuous mutual adaptation dur-

ing collaboration (Schneiders et al., 2024; Argall and Billard, 2010) beyond MICoBot

(Ch. 5). Specifically, future researchers could examine: (1) Initiative shifts: the
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collaborative dynamics by which agents take and cede initiative and control. As ob-

served in our prior studies, asymmetric adaptation can lead to undesirable extremes,

such as the human assuming total control and obviating the robot’s usefulness. (2)

Physical synchronization: how agents align their physical movements during si-

multaneous actions (Sec. 7.2.2), such as collaborative transport or handovers. The

success of this synchronization is intrinsically tied to which agent currently holds the

initiative. (3) Multimodal communication: expanding the robot action and ob-

servation space to perceive and produce auditory and haptic cues to establish mutual

awareness of status and progress with the human collaborator. To become an effec-

tive partner, the robot must learn to actively and efficiently signal its state, such as

through auditory cues to alert the human when it requires a physical demonstration

or verbal correction to resolve an error. Similarly, haptic feedback during simultane-

ous manipulation must adapt over time; for example, a robot handing over an object

should adjust the timing of its gripper release and haptic confirmation to match the

human’s increasingly efficient grasp patterns as they acclimate to the robot.

7.3 Defining Categories in which Language Aids in General-
ization and Transfer

We use language to transfer between multiple semantic categories—tasks (DeL-

TaCo (Ch. 3)), domains (Lang4Sim2Real (Ch. 4)), and devices (BookWorm (Ch. 6))—

but each work contains many underlying assumptions about the structure and def-

inition of each semantic category. In DeL-TaCo (Ch. 3), we assume that the test

tasks must be semantically similar to the training tasks so that the language task em-

beddings are sufficiently within distribution during testing. Empirically, each task in

our pick-and-place benchmark was parameterized by the picked object and its place

location. This definition of “task” was chosen quite narrowly for language to aid in

one-shot generalization—the policy implicitly learned what pick-and-place motions

looked like, and it did not have to generalize to a new task outside of this family
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of motions. In Lang4Sim2Real (Ch. 4), we assume that (1) the simulation and real

domain data contain semantically similar tasks, and (2) there exists a way to divide

the trajectories between sim and real into the same number of stages, where within

each stage across both domains, the policy must predict a similar distribution of ac-

tions. However, the key questions are how semantically similar the simulated and

real-world tasks must be, and how closely the actions within each stage must align

across domains. In BookWorm (Ch. 6), we assume that there exists a notion of a

device class, within which we can effectively transfer our policy from one device to

another, but we sidestepped the fundamental problem of defining a class within which

useful transfer could occur.

Because language provides semantics that can be generalizable from one situ-

ation to another, future work should characterize what defines the categories within

which language can aid in generalization, and whether these categories are hard or

soft labels. How might one characterize notions of tasks, domains, and device classes?

One potential way is to rely on a continuous similarity metric between any

two entities, and threshold it so a pair of entities above a certain similarity score are

considered to be part of the same semantic category. For instance, task similarity can

be defined as a learned language similarity metric (e.g., cosine distance on output em-

beddings of LLM-embedding models) between the two task descriptions, trajectory

similarity score between the mean demonstration of each task (e.g., dynamic time

warping), or a combination. For longer tasks, it can be defined recursively by averag-

ing the similarity of constituent steps in the task. Domain similarity can be defined

through the combination of scene segmentation model embeddings or dense language

scene description embeddings. If there are cluttered scenes, the segmentation and

language descriptions can be filtered with off-the-shelf visual reasoning models to

only include task-relevant objects. Finally, device similarity can be evaluated along

two axes: functional semantic similarity (derived from dense query representations

of the device’s human-designated purpose) and geometric similarity. To capture the

latter, future work could utilize articulated 3D device embeddings—produced by a

160



pointcloud encoder trained on PartNet (Mo et al., 2019) from Sapien (Xiang et al.,

2020)—ensuring that devices with similar actuation axes and kinematics are embed-

ded in close proximity, regardless of their semantic labels.

By using these similarity metrics for tasks, domains, and devices, and extend-

ing them to additional semantic categories, we can create a custom categorization

such that two entities are members of the same category if they have high enough

similarity.

7.4 Language-conditioned World Models

In BookWorm (Ch. 6), we demonstrated that textual dynamics extracted from

guidebooks improve policy predictions. However, in safety-critical settings like op-

erating electrical appliances, ensuring human safety requires simulating the physical

consequences of proposed actions so that unsafe trajectories can be discarded and

the policy resampled prior to execution. Visual world models (Ha and Schmidhuber,

2018) promise to enable this simulation by using the same autoregressive objectives

that powered the generalization capabilities of LLMs. However, current visual world

models lack physical and semantic grounding (Thorpe et al., 2026). They halluci-

nate physically impossible events and fail to maintain temporal consistency under

occlusions (Hansen and Wang, 2026).

We propose using language descriptions as symbolic state representations to

ground visual world models. We envision a language-conditioned visual world model

inspired by Dreamer (Hafner et al., 2019, 2021, 2023, 2025), which maintains a latent

state representation zt that is decoded into next frames. In our setting, we would also

decode language from zt to increase the faithfulness of image reconstructions to the

underlying symbolic state of the world. Additionally, the reward prediction head can

be conditioned on zt, because reward functions are often based on symbolic states of

the world (e.g., whether the object been placed into the plate).

How can we leverage textual dynamics descriptions from guidebooks or the

161



internet to supplement the prediction of this language-augmented latent zt? The key

challenge lies in aligning the high-level granularity of textual dynamics descriptions

(e.g., “after pressing the button, the green indicator turns on”) to the low-level state

and action granularity of the world model. Works like THICK (Gumbsch et al.,

2024) tackle different levels of temporal abstraction by creating a dual-timescale world

model, where the lower level predicts fine-grained dynamics at the robot’s action

frequency, and the higher level operates over sparsely updated latents to predict

discrete state changes over time. However, THICK learns purely from visual data, so

it does not consider how to align visual predictions with the semantic timescales and

milestones described by textual descriptions. Consequently, the open challenge is to

develop world models that explicitly anchor these unsupervised visual transitions to

textual dynamics from guidebooks, ultimately enabling rich textual information to

guide the prediction of the language-augmented latent zt.

7.5 From Appliance Manuals to Behavioral Principles

Users expect a household robot to not only follow instructions and learn effi-

ciently from textual information, such as guidebooks (as we presented in BookWorm

(Ch. 6)), but to always comply with certain behavioral principles that ensure safety,

utility, and adaptability to human preferences. Analogous to personalized system

prompts (Zhang et al., 2018) and constitutional AI (Bai et al., 2022b) for LLMs, a

natural extension of BookWorm (Ch. 6) is to ground the robot’s execution in high-level

operational principles that dictate overarching safety and human-alignment rules.

How can we convert written user preferences into motion-level feedback for

robot training? Should this feedback be represented as cost/reward landscapes, or

in some other numerical form, for behavioral optimization? How can this system

learn to obey a hierarchy of rules and user preferences (Censi et al., 2019b), given the

robot’s physical capabilities, to synthesize safe actions? For example, consider two

rules: (1) do not break fragile items, and (2) keep the dining table clean, where (1)
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precedes (2) in importance. If the robot knows it cannot safely grasp a delicate wine

glass on the table, attempting so risks violating rule 1 in service of following rule 2.

By reasoning about both the consequences of its actions and its capability limits, the

robot can formulate an alternative plan, such as sliding the glass onto a serving tray

it can safely hold, satisfying both rules. When principles conflict, the robot must

learn to prioritize those at the top of the hierarchy.

For safety principles, we noted earlier that BookWorm (Ch. 6) did not lever-

age the large amount of safety information and constraints in guidebooks. We note

that safety constraints can roughly be categorized into state-constraints (e.g., “it is

bad for your gripper to be within 2 cm of the tabletop”), action-constraints (e.g., “al-

ways stay under 5mph”), and state-action-constraints (e.g, “do not touch the stove if

it is hot”, or “release the valve immediately after cooking has finished”). Similar to the

temporal abstraction challenges mentioned in Sec. 7.4, a key challenge is grounding

these abstract, language-described states and actions into the state and action space

of the robot.

Unlike MICoBot (Ch. 5), BookWorm (Ch. 6) does not consider how to adapt to

human preferences specified in language. These can range from high-level task con-

straints (e.g., strictly separating raw meat and vegetable utensils, or pairing specific

foods with specific sauces) to low-level spatial arrangements (e.g., storing chopping

boards vertically instead of flat, or ensuring knives face inward while chopsticks face

outward).

So far, we have focused our discussion on enabling a robot’s physical behavior

to adhere to user-specified principles in language. It is imperative that these con-

straints extend beyond physical execution to govern verbal actions and dialog

interactions as well. By unifying the dialog capabilities of MICoBot (Ch. 5) with

the operational rule-following capabilities of BookWorm (Ch. 6), we can ensure the

robot’s speech remains as safe and strictly compliant as its physical movements. Un-

like issues of safety in LLM research, in robotics, the verbal actions of a robot must
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be grounded in its physical actions and the current physical state of the world. For

instance, a robot that has just broken and is starting to clean up some glassware on

the kitchen floor should verbally warn an approaching toddler to stay clear of the

glass. In such cases, initiating verbal actions serves as a critical mechanism for rule

compliance, satisfying overarching mandates like keeping humans safe from hazards.

The core research challenge lies in operationalizing high-level, language-specified prin-

ciples into a unified policy of physical and verbal behaviors, particularly when speech

is used proactively to influence the physical environment and uphold user mandates.

7.6 Further directions to scale this thesis to household condi-
tions

7.6.1 Updated Architectures

DeL-TaCo (Ch. 3) and Lang4Sim2Real (Ch. 4) used simpler architectures with

ResNet visual backbones (He et al., 2015) that predate VLAs (Brohan et al., 2022,

2023), today’s most capable policy architectures. While we validate these proof-of-

concept ideas on simpler architectures to establish the value of language for gen-

eralization, future work must scale these insights to modern transformer and VLA

architectures, similar to how MUTEX (Shah et al., 2023) built upon foundational

ideas from DeL-TaCo (Ch. 3).

7.6.2 Internet-scale Pretraining

While DeL-TaCo (Ch. 3) and Lang4Sim2Real (Ch. 4) used pretrained language

representations to achieve language-based generalization to new tasks and domains,

these works failed to leverage the power of large-scale robotic datasets and pretrained

visual representations to achieve a higher degree of generalization to new tasks and

domains.

In DeL-TaCo (Ch. 3), we demonstrated that policies conditioned on both lan-

guage and demonstration embeddings from a CLIP (Radford et al., 2021) encoder
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improved over demo-only or language-only policies. However, CLIP failed to outper-

form our lightweight, trained-from-scratch encoder. This may be because CLIP was

trained on internet-scale image-captioning data that yielded object-centric represen-

tations lacking the spatiotemporal understanding and awareness needed for robotics,

and that CLIP representations do not generalize well to robot simulation images.

In Lang4Sim2Real (Ch. 4), we experimented starting from an R3M (Nair

et al., 2022) visual encoder to compare its performance to a trained-from-scratch

ResNet. R3M has better temporal understanding than CLIP embeddings because

they are trained on video data with a time-constrastive loss term. However, we found

that finetuning R3M representations on Lang4Sim2Real (Ch. 4) objectives yielded

a worse policy than off-the-shelf, unmodified R3M representations. We hypothesize

that Lang4Sim2Real (Ch. 4) perturbs the pretrained R3M weights too much, losing

the benefit of the large-scale pretraining behind R3M. Since it is often infeasible to co-

train with large-scale pretraining data when doing Lang4Sim2Real (Ch. 4) pretrain-

ing, future work can examine how to simultaneously optimize for both the pretraining

and Lang4Sim2Real (Ch. 4) objectives. This might involve applying a KL divergence

penalty, analogous to the trust-region constraints in TRPO (Schulman et al., 2017a)

and PPO (Schulman et al., 2017b), to ensure auxiliary task logits do not drift exces-

sively from the original pretrained logits. We also found that augmenting R3M with

small, trainable linear adapters (i.e., LoRA (Hu et al., 2021)) yielded significantly bet-

ter real-world performance than fully fine-tuning the entire backbone during policy

training. Future work should explore combining these adapters with the previously

discussed KL divergence constraint to further mitigate representation drift, preserv-

ing large-scale pretraining benefits while effectively optimizing the Lang4Sim2Real

(Ch. 4) objective.

In MICoBot (Ch. 5) and BookWorm (Ch. 6), we utilized pretrained image

segmentation models for grounding and VLMs for policies, but did not incorporate

large-scale robotic datasets to enhance manipulation. Future work should extract ro-

bust priors from diverse sources, including analytical grasping datasets (e.g., Grasp-
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Net (Fang et al., 2023, 2020), DexNet (Mahler et al., 2016, 2017)), simulated grasping

datasets (e.g., ACRONYM (Eppner et al., 2020)), and large-scale trajectory datasets

(e.g., DROID (Khazatsky et al., 2024), BridgeData V2 (Walke et al., 2023)). For

BookWorm (Ch. 6), GraspNet could serve as an API call, allowing semantic code-

based skills like insert to query optimal grasp poses dynamically. Furthermore,

BookWorm (Ch. 6) currently requires manual annotation for difficult-to-segment ar-

ticulated parts like buttons, lids, and compartments. Training the underlying vision

models on simulated assets with ground-truth part segmentation masks like PartNet-

Mobility (Mo et al., 2019; Xiang et al., 2020) could significantly improve zero-shot

grounding precision and reduce human keypoint supervision.
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Chapter 8: Conclusion

To deploy robotic manipulation systems to unstructured homes, robots must

learn to act intelligently based on behaviors extracted from large amounts of data.

However, real robot data is scarce and expensive to collect. We argue that natural

language is an abundant and powerful data modality to augment robotic capabilities

for two reasons: (1) language is a store of semantic meaning important for a robot

to generalize to new domains and tasks, and (2) language forms the basis of human-

robot communication and collaboration. We demonstrated several promising results

that leverage both benefits of language.

In Chapter 3, we introduce DeL-TaCo, a task-conditioning architecture eval-

uated on a new benchmark of hundreds of pick-and-place tasks. By fusing visual

demonstrations with natural language instructions, DeL-TaCo outperforms policies

trained on a single modality. We show that providing just one language instruction

provides the same performance gains as fine-tuning on 50 visual demonstrations. Fur-

thermore, the architecture cross-references both modalities to resolve mutual ambi-

guities. DeL-TaCo achieves significant sample-efficiency gains by leveraging language

as a store of semantic meaning, which enables robust transfer to novel tasks.

Building on this concept, Chapter 4 demonstrates that language also enables

efficient transfer to novel domains. We introduce Lang4Sim2Real, a lightweight

vision-language pretraining method for sim2real transfer of visuomotor policies. This

method leverages language to ground visually dissimilar but semantically similar im-

ages across simulated and real environments. Consequently, the resulting domain-

invariant representations are robust to wide sim2real gaps involving altered camera

angles, varying scenes, and differing physical parameters. Ultimately, our approach

improves real-world task success rates by 20-30 percentage points over sim2real ap-

proaches and leading vision-language internet-scale pretrained representations, even

on tasks involving coarsely simulated, deformable objects such as wire wrapping.
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We then transition to the second benefit of language: enabling effective human-

robot communication. In Chapter 5, we described MICoBot, the first system that

integrated mixed-initiative dialog with HRI for real-world, long-horizon collaborative

manipulation tasks. We argue that mixed-initiative dialog creates more adaptive

teams capable of accommodating varying levels of robot skill capabilities and dy-

namically changing human helpfulness. To achieve this, the system allocates future

steps using an RL-inspired temporal-distance metric that balances task success and

physical effort, grounding all subsequent dialog in this optimally computed allocation.

In user studies involving 18 participants, MICoBot facilitated significantly more ini-

tiative shifts per episode (2.4) than the pure LLM baseline (1.1). Furthermore, the

system was highly effective at negotiating with humans to secure assistance on steps

it was less competent at. Together, these capabilities enhanced the adaptability of

the human-robot team, boosting the success rate by 50 percentage points over the

baseline and enabling it to be preferred by 78% of participants.

Finally, Chapter 6 unifies both benefits of language by introducing BookWorm,

a framework that leverages textual user manuals to efficiently learn how to operate

common household devices. Utilizing the first benefit of language, BookWorm extracts

semantic skill priors from these guidebooks to generate a code-based representation

that transfers efficiently to new devices. To refine these skills, the framework then

leverages the second benefit of language—building upon the robot-initiative dialog ca-

pabilities introduced in MICoBot—by soliciting and incorporating natural language

feedback from humans. For single-device learning, BookWorm yields a 55-percentage-

point success rate improvement over Code-as-Policies. In multi-device transfer set-

tings, it improves target device performance by 65 percentage points, requiring 50%

fewer rounds of human feedback than an experience replay baseline. These results

demonstrate BookWorm’s ability to extract robust, guidebook-grounded policy repre-

sentations that adapt to semantically related devices with significantly reduced human

feedback effort.

Ultimately, the frameworks presented in this thesis establish natural language
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as a uniquely powerful modality for enabling open-world robotic manipulation. By

harnessing language as a rich store of semantic meaning, we accelerate policy gen-

eralization across novel tasks, domains, and devices. By employing language as a

communicative medium, we enable efficient learning from human feedback and fos-

ter fluid human-robot collaboration in unstructured environments. Building upon

these foundations, Chapter 7 outlines promising avenues for future research, such

as leveraging language to accelerate exploration in reinforcement learning and tap-

ping into richer forms of language beyond instructions, scene descriptions, and dialog.

Pursuing these directions will further drive the sample-efficiency and generalization

gains necessary to deploy truly capable robotic helpers to any unstructured human

environment.
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Appendix A: DeL-TaCo Details

A.1 Success Rate Calculation Details

We run each setting with three random seeds for 800k-900k training steps.

An evaluation set, which we define as rolling out the policy for 2 trials per task

for all of the test tasks, is run every 10k training steps. Thus, there are a total of

80-90 evaluation sets that occur throughout training. Let seed i attain the success

rate r(i, j) on evaluation set j. Let J be the top 10 evaluation set indices for the

quantity 1
N

∑
i r(i, j). Our reported success rate and standard deviation in the tables

are calculated as the following equations:

Reported Success Rate = meanj∈J(meanir(i, j))

Reported Standard Deviation = meanj∈J(stddevir(i, j))

In Scenario A, since there are 102 test tasks, each success rate in Tables 3.6

and 3.8 is computed from:

2 trials
test task

× 102 test tasks
evaluation set

× 10 evaluation sets
seed

× 3 seeds = 6120 evaluation trials

Applying the same calculation for the 54 tasks in Scenario B, each success rate

in Table 3.7 is computed from 3240 evaluation trials.

For Table 3.8, the best final checkpoint of the three demo-only policy seeds

from Table 3.6 was taken for finetuning.

A.2 Scripted Policy Details

We collect 26, 000 − 31, 000 training demonstrations using a scripted policy

with Gaussian noise added to the action of each timestep. Details are shown in
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Algorithm 3. “eePos” stands for end-effector position. All variables ending in “Pos”

are xyz positions. Our training buffer contains only successful demonstrations.

Algorithm 3 Scripted Pick and Place
1: pickPos ← target object position
2: dropPos ← target container position
3: distThresh ← 0.02
4: numTimesteps ← 30
5: placeAttempted ← False
6: for t in [0, numTimesteps) do
7: eePos ← end effector position
8: dropPosDist ← ∥eePos− dropPos∥2
9: pickPosDist ← ∥eePos− pickPos∥2

10: if placeAttempted then
11: action ← 0
12: else if object not grasped AND pickPosDist > distThresh then
13: // Move toward target object
14: action ← pickPos − eePos
15: else if object not grasped then
16: // gripper is very close to object
17: action ← pickPos − eePos
18: close gripper // Object is in gripper
19: else if object not lifted then
20: // Move gripper upward to avoid hitting other objects/containers
21: action ← [0, 0, 1]
22: else if dropPosDist > distThresh then
23: // Move toward target container
24: action ← dropPos − eePos
25: else
26: open gripper // Object falls into container
27: placeAttempted ← True
28: end if
29: noise ∼ N(0, 0.1)
30: action ← action + noise
31: s′ ← env.step(action)
32: end for

A.3 Human Language for Our Benchmark

We detail our data collection process for human paraphrases of language in-

structions.
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Figure A.1: Sample Mturk Question. In each question, we provide the template
instruction (described in Appendix 3.5.2.2), a row of 5 robot videos of the task be-
ing accomplished, and 3 subquestions asking the respondent to paraphrase: (i) the
template target object phrase, (ii) the template target container phrase, and (iii) the
entire template instruction with the strings used in (i) and (ii).

A.3.1 HIT layout

For each task, respondents answer 5 questions. A sample question is provided

in Figure A.1.

A.3.2 HIT In-Task Quality-Control

Before respondents can work on any questions, they must pass a pre-check

consisting of 4 multi-select questions by getting all of the questions correct within 10

tries. These questions mainly acquaint the respondents with how the containers are

referred to either by their color or direction, and how objects are referred to either

by their name, color, or shape.

To submit the HIT, respondents must provide answers that conform to the

following constraints:

172



• The target object paraphrase must:

– Be ≥ 5 alphabetical characters long

– Not contain a set of blocked phrases that are too vague, including “thing”

or “target object.”

– Not be a word subsequence of the provided template target object string.

(Our subsequence similarity detector still matches subsequences that are

a small edit distance from the provided template.)

• The target container paraphrase must:

– Contain ≥ 2 unique words and be ≥ 6 alphabetical characters long

– Not contain a set of blocked phrases, including the wrong container iden-

tifiers, or the phrases “thing” or “target container.”

– Not be a word subsequence of the provided template target object string.

– Not be the same as the target object paraphrase

• The instruction paraphrase must:

– Contain the respondent-inputted target object paraphrase and target con-

tainer paraphrase

– Be sufficiently different from the other instruction paraphrases provided

by the respondent, as well as the template instruction for this question.

(We compare subsequences after removing the target object and target

container from each instruction paraphrase.)

– Be ≥ 15 alphabetical characters long

– Contain ≥ 2 unique words besides the target object paraphrase and target

container paraphrase.

– Not contain a set of blocked phrases that make the instruction from the

wrong point of view, such as “the robot” or “the machine.”
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To maintain a wide distribution of paraphrases and human noise in the dataset,

we do not correct for spelling or grammar errors.

A.3.3 Overall Statistics

We offered a reward of $0.60 per HIT, allowing a generous 60 mins per HIT.

To qualify to work on our HITs, we required respondents to have ≥ 10k approved

HITs with an approval rate of ≥ 95% to do our HIT. In total, including several initial

pilot rounds of mturk data collection (which yielded instructions that were too vague,

mistaken, or imprecise to be useful and allowed us to iterate on our HIT design), we

spent $283.68.
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Appendix B: Lang4Sim2Real Details

B.1 Scripted Policies for Real-World Data Collection

The following algorithm boxes show the scripted policy functions used to col-

lect demonstrations for each of our three task suites.
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Algorithm 4 Scripted Wrap Wire
1: centerPos ← blender center position
2: placeAttempted ← False
3: targetDistToCenter ← 0.15
4: numTimesteps ← 45
5: direction ← true if clockwise, false if counterclockwise
6: for t in [0, numTimesteps) do
7: wirePos ← position of the graspable part of the wire
8: eePos ← end effector position
9: pickPosDist ← ∥eePos− wirePos∥2

10: done ← is wrapped > 11π
6 from the start to end of wire around centerPos in direction

11: if placeAttempted then
12: action ← 0
13: else if object not grasped AND pickPosDist > distThresh then
14: // Move toward wire
15: action ← wirePos − eePos
16: else if object not grasped then
17: // gripper is very close to wire
18: action ← pickPos − eePos
19: close gripper // Object is in gripper
20: else if wire not lifted then
21: action ← [0, 0, 1] // Move up
22: else if not done then
23: relPos ← eePos− centerPos
24: distToCenter ← ∥relPos∥2
25: normRelPos ← (relPos/distToCenter) ∗ targetDistToCenter
26: actionMaintainDistance ← relPos ∗ (targetDistToCenter − distToCenter) // move to-

ward/away from center
27: actionMoveTangent ← [−normRelPos[1], normRelPos[0], 0.0] // Move tangent to the

blender
28: if direction then
29: actionMoveTangent ← actionMoveTangent ∗ −1
30: end if
31: action ← actionMaintainDistance + actionMoveTangent
32: else
33: action ← open gripper // Drop wire
34: placeAttempted ← True
35: end if
36: end for
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Algorithm 5 Scripted Pick and Place Function
Function PickPlace(pickPos, dropPos, distThresh, placeAttempted)
eePos ← end effector position
dropPosDist ← ∥eePos− dropPos∥2
pickPosDist ← ∥eePos− pickPos∥2
if placeAttempted then

action ← 0
else if object not grasped AND pickPosDist > distThresh then

// Move toward target object
action ← pickPos − eePos

else if object not grasped then
// gripper is very close to object

action ← (pickPos − eePos, close gripper) // Object is in gripper
else if object not lifted then

// Move gripper upward to avoid hitting other objects/containers
action ← [0, 0, 1]

else if dropPosDist > distThresh then
// Move toward target container

action ← dropPos − eePos
else

action ← open gripper // Object falls into container
placeAttempted ← True

end if
noise ∼ N(0, 0.1)
action ← action + noise
return action, placeAttempted
End Function

Algorithm 6 Stack Object
1: pickPos ← target object position
2: dropPos ← target container position
3: numTimesteps ← 18
4: distThresh ← 0.02
5: placeAttempted ← False
6: for t in [0, numTimesteps) do
7: action, placeAttempted ← PickPlace(pickPos, dropPos, distThresh, placeAttempted)
8: s′ ← env.step(action)
9: end for
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Algorithm 7 Scripted 2-step Pick and Place
1: pickPos ← [object position, first container position]
2: dropPos ← [first container position, second container position]
3: numTimesteps ← 45
4: distThresh ← 0.02
5: placeAttempted ← [False, False]
6: si ← 0 // step index (starts at 0, and increments to 1 when first pick-place step is complete)
7: stepCompleted ← [False, False]
8: for t in [0, numTimesteps) do
9: action, placeAttempted[si] ← PickPlace(pickPos[si], dropPos[si], distThresh,

placeAttempted[si])
10: if stepIsSuccessful(si) AND not stepsCompleted[si] then
11: stepsCompleted[si] ← True
12: si ← 1
13: end if
14: s′ ← env.step(action)
15: end for

B.2 Language Granularity Experiments

Table B.1: sim2real: Language annotations and language granularity on 2-step real-
world pick-and-place

All-stages Half-stages 2-stage 1-stage
gripper open, reaching for carrot, out of bowl gripper open, reaching for carrot, out of bowl

picking carrot and putting in bowl

random language embedding

gripper open, moving down over carrot, out
of bowl
gripper closing, with carrot, out of bowl gripper closing, with carrot, out of bowl
gripper closed, moving up with carrot, out of
bowl gripper closed, moving up with carrot
gripper closed, moving sideways with carrot,
out of bowl
gripper closed, with carrot, above bowl
gripper open, dropped carrot, in bowl gripper open, dropped carrot, in bowl
gripper open, reaching for bowl, out of plate gripper open, reaching for bowl, out of plate

picking bowl and putting in plate

gripper open, moving down over bowl, out of
plate
gripper closing, with bowl, out of bowl gripper closing, with bowl, out of plate
gripper closed, moving up with bowl, out of
plate gripper closed, moving up with bowl
gripper closed, moving sideways with carrot,
out of bowl
gripper closed, with bowl, above plate
gripper open, dropped bowl, in plate gripper open, dropped bowl, in plate
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Table B.2: sim2real: Language annotations and language granularity on wire wrap

All-stages half-stages 2-stage 1-stage
gripper open, reaching for plug gripper open, reaching for plug

picking and wrapping beads around cylinder
random language embedding

gripper open, moving down over plug
gripper closing around plug gripper closing and lifting plug
gripper closed, moving up with plug
counter-clockwise left

counter-clockwisecounter-clockwise front
counter-clockwise right
counter-clockwise back
clockwise left

clockwiseclockwise front
clockwise right
clockwise back
gripper open, above plug with wire fully
wrapped

gripper open, above blender with wire fully
wrapped beads fully wrapped

gripper open, above plug with wire fully un-
wrapped

gripper open, above blender with wire fully
unwrapped
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Appendix C: MICoBot Details

C.1 Detailed Simulation Results

Table C.1: Simulation Task 1 Performance across different p̃H,t Values and Language
Sentiments.

Human Parameters (Mood, p̃H,t)

Method Metric Positive Mood Negative Mood Avg. (%)0.0 0.3 0.7 1.0 0.0 0.3 0.7 1.0

Ours
Success Rate 3/10 6/10 9/10 10/10 1/10 4/10 9/10 9/10 63.75
Num Plan Steps Completed 3.6/5 4.2/5 4.8/5 5.0/5 3.2/5 3.8/5 4.8/5 4.5/5 84.5
Prop. Plan Steps done by Human 0.1667 0.2381 0.3125 0.4 0.03125 0.1579 0.354 0.377 25.47

LLM Baseline
Success Rate 2/10 2/10 4/10 7/10 3/10 6/10 6/10 6/10 45
Num Plan Steps Completed 3.4/5 3.4/5 3.7/5 4.4/5 3.6/5 4.2/5 4.0/5 4.2/5 77.25
Prop. Plan Steps done by Human 0.0588 0.05882 0.2162 0.1591 0.1111 0.1428 0.175 0.166 13.6

Random Agent
Success Rate 2/10 5/10 6/10 7/10 2/10 3/10 6/10 7/10 47.5
Num Plan Steps Completed 3.4/5 3.5/5 4.0/5 4.4/5 3.4/5 2.8/5 4.0/5 4.4/5 74.75
Prop. Plan Steps done by Human 0.1176 0.4286 0.525 0.7045 0.1176 0.2143 0.525 0.7045 41.71

RL
Success Rate 0/10 1/10 4/10 10/10 0/10 1/10 4/10 10/10 37.5
Num Plan Steps Completed 2.4/5 2.3/5 3.4/5 5.0/5 2.4/5 2.3/5 3.4/5 5.0/5 65.5
Prop. Plan Steps done by Human 0.125 0.1739 0.4412 0.54 0.125 0.1739 0.4412 0.54 32.0

Only R Init
Success Rate 0/10 3/10 9/10 10/10 0/10 5/10 9/10 10/10 57.5
Num Plan Steps Completed 3.0/5 3.6/5 4.8/5 5.0/5 3.0/5 4.0/5 4.8/5 5.0/5 83
Prop. Plan Steps done by Human 0.0 0.1111 0.3542 0.4 0.0 0.225 0.354 0.4 23.05

Only H Init
Success Rate 0/10 0/10 0/10 0/10 2/10 0/10 0/10 2/10 5.0
Num Plan Steps Completed 3.0/5 3.0/5 3.0/5 3.0/5 3.2/5 3.0/5 3.0/5 3.3/5 61.25
Prop. Plan Steps done by Human 0.0 0.0 0.0 0.0/3.0 0.1875 0.0 0.0 0.1212 3.86

Ours w/o p_help
Success Rate 3/10 5/10 9/10 10/10 2/10 3/10 9/10 9/10 62.5
Num Plan Steps Completed 3.6/5 4.0/5 4.8/5 5.0/5 3.4/5 3.4/5 4.8/5 4.7/5 84.25
Prop. Plan Steps done by Human 0.1667 0.3 0.3333 0.38 0.1176 0.2059 0.3125 0.4468 28.29

Ours w/o Plan Hier.
Success Rate 2/10 4/10 7/10 10/10 0/10 3/10 4/10 8/10 47.5
Num Plan Steps Completed 3.4/5 3.8/5 4.0/5 5.0/5 3.0/5 3.4/5 3.6/5 4.2/5 76
Prop. Plan Steps done by Human 0.0588 0.1316 0.25 0.24 0.0667 0.1176 0.1944 0.2381 16.22

C.2 User Study Instructions

Users were read the following instructions at the beginning of the study. (In-

structions here are shown for Task 2.)

1. Thank you so much for coming for our user study! We wanted to remind you

to review the RIS before proceeding, and that you may voluntarily opt-out of

the study at any time.

2. You are working with the robot to perform the task of assembling the toy car.

You must use the hexagonal drill bit to screw in the wheels, and the phillips

180



drill bit to screw in the seat and the window. [Demonstrate these steps to the

human]. You and the robot operate on a shared understanding of the plan.

[Read the 4 high-level steps of the plan tree for this task. Do NOT discuss the

low-level steps of the plan tree.]

3. Our goal is to simulate a home robot setting, where the human (you) is relatively

busy with your own tasks, and once in a while you provide physical assistance

and talk to the robot. So you are free to do work during each trial.

4. Once the robot asks you to do a step, and you accept, you must finish that step

successfully.

5. We will perform 2 trials, each of a different method.

6. Both you and the robot can do a subset of the steps in the plan. You will

communicate with the robot to determine who does what steps.

7. These are the objects you will work with during the task. I will move them now

to their initial positions where they will start at the beginning of each trial.

[Move objects to initial positions.]

8. For safety, I will gate-keep each of the robot’s physical actions. In other words,

the actions are generated by the robot itself, but they will be displayed on the

laptop screen with a confirmation message, and I can either allow that physical

action to be executed by the robot, or block the action from being executed if

it brings the robot to an unsafe location.

9. The robot will stay on the TV side of the coffee table, while you will sit on the

couch and stay on the couch side of the coffee table.

10. You are free to get up off the couch if you want to volunteer to perform steps

that involve going to the sink or shelf, but you can only go when the robot is

stationary and waiting on the other side of the coffee table. Steps are done
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in sequential order; our system doesn’t support parallelization (agents working

simultaneously).

11. You will be communicating to the robot through this headset. We will perform

a mic-check now to make sure it can pick up your voice. [Do mic check.]

12. Now, this is what the robot will sound like when it talkes to you. [Play audio

sample of the robot.] Try responding to it, and I will see if it can hear you.

13. The systems today can handle different kinds of dialog. (1) refusal/acceptance,

(2) task allocation, such as (“Could you pour the package in the plate later?”

Or: “I can pour the package onto the plate later.”), (3) silence—you don’t need

to respond to the robot every time, and (4) a proposal to split up adjacent

steps, such as “Please bring me the drill so that I can put on the wheels.” You

may engage in any of these types of dialog, and the robot may also engage in

them when communicating to you.

14. Do you have any questions before we start? I will let you know when each trial

begins and ends. Sometimes trials may end prematurely.

C.3 Real-world Failure Analysis

See the failure breakdowns in our real-world trials for MICoBot in Figure 5.10.

1. Task 1: Cut and Pour Package into Bowl. 0 failed trials out of 6.

2. Task 2: Assemble Toy Car. 2 failed trials out of 6. 1 failure that was rectified

by human.

• 1 dialog error: user wanted robot to perform a non-step plan outside of its

capabilities, and refused when robot said it wasn’t able to perform it

• 1 primitive error: robot did not release its grasp of the drill.
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• 1 metaplanner dialog parsing error

3. Task 3: Pack Gift Box. 2 failed trials out of 6.

• 1 primitive error: placed bow on box but bow dropped to floor as gripper

retracted

• 1 termination condition triggered: human rejected robot’s help request and

subsequent proposals twice in a row.

See the failure breakdowns in our real-world trials for the LLM baseline in Figure 5.11.

1. Task 1: Cut and Pour Package into Bowl. 1 failed trials out of 6.

• 1 termination condition triggered: human rejected robot’s help request

twice in a row.

2. Task 2: Assemble Toy Car. 6 failed trials out of 6.

• 2 primitive errors: Placed the drill, but then it fell off of the table.

• 2 perception errors: Unable to visually find the correct location to place

the object.

• 1 task allocation error: Allocated to put on the car wheels itself.

• 1 termination condition triggered: Fell into a conversational loop with the

user.

3. Task 3: Pack Gift Box. 6 failed trials out of 6. 1 failure was rectified by human.

• 6 task allocation errors: Tried to put on the lid itself four times; tried to

cut a piece of tape itself twice.

• 1 primitive error: Inadvertently dropped the car onto the floor as it was

trying to place it.
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