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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 Martin-Martin

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



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 con gurations, 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 elds like natural language processing
and computer vision leverage internet-scale datasets, robotics su ers 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 elds 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 rst 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 speci ed 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 bene ts 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 speci ¢ 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
e ciently 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 rst line of work
starts by exploring how semantic meaning captured in language can be exploited
to enable e cient 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 e ciently
teach robots new skills. We show that providing natural language instructions along
with a single visual demonstration greatly improves sample e ciency 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
di erences 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

18



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 uni es these two lines of work with a framework that ex-
tracts manipulation skills from device user manuals. It rst leverages the rst bene t
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 benet of language as a communicative medium by actively
guerying humans for on-demand feedback through natural dialog. Ultimately, this
combined approach transfers to new devices within a given category far more sample-

e ciently 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.

19



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
o (i.e., RGB image and/or robot xyz end-e ector 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: [¢(0&);:::], where a represents
the action taken from observation p(i.e., the commanded change in xyz position of
the robot's end e ector).

The goal of imitation learning is to train a policy : o 7! a; that maps obser-
vations to actions, where p2 R% and g 2 R%. More commonly, : o 7! P (ajo),
a probability distribution over possible actions. We want to learn the parameters
of , namely the weights of the neural network representing , such that the error "
is minimized between the policy-predicted action & and the expert demonstration
action a: "=jja. & jj3, where 4 (jot). There are two common losses used to
minimize ": ", or log-likelihood. Let D be the set of demonstrations in our dataset,

each of which is a trajectory ;.

When using > loss, the goal is to nd the optimal policy parameters:

= argmin jiagi  (joi )il (2.1)

i2D (oyisagi ) i
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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 nd optimal policy parameters:

X X
= argmin log  (ayjoy) (2.2)

i2D (oyisagi) i
Essentially, this seeks to maximize the product of the policy's probabilities of pre-
dicting all actions &, in expert demo ;. 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 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 di cult 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), de ned as a tuple M =
(S; A;R;S%P), where S is the set of start states from where actions A can be taken,
SCis the set of next states the agent lands in after taking an action, P: S A!P(S 9
is the conditional probability distribution over next states after taking action a 2 A
from state s 2 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 nds a sequence of
actions to maximize the sum of discounted rewards:
" #
X- t
Esiase ) R(st; &) (2.3)
t=0
Let (js ) represent the action predicted by the policy from state s We
de ne two functions that correspond to the goodness of a state when acting under
a policy . The rstis the value function, or the expected sum of discounted rewards

that the policy collects from state g to termination.

" #
P
V (so) =E 'R si; (s v) (2.4)
t=0 n #

P
=R(so; (jso)+ E ‘R Su1; (js 1) (2.5)

t=0
=R so; (jso) +V (s1) (2.6)

The second is the quality function, or the expected reward from statg,staking

action ag, with all future actions dictated by policy .

Q(so;a) =R(so;a0) + Q (s1;a1) (2.7)

Both V and Q can be de ned 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 di erent 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 speci cally 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 to perform a speci c 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 : S ! P(A). However, a multitask policy may need to output di erent
actions from the exact same state, depending on what the task is. Thus, we addi-
tionally condition on a task conditioning vector C,so :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 di erent 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 rst found success with problems like visual
guestion-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 rst 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
uni ed the processing of both images and text with the rst 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 Speci cation

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 bene ts: 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 ne-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 simpli ed 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 exibility 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-
ci ¢ 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 clari cation 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 sacri ce imme-
diate task e ciency by asking o -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 clari cation 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 E ciently Learn Robotic
Tasks

As outlined in Section 1.3, the rst 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 e ciently 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 e ort. 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 di erent 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 e ciently 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 bene t from multi-
modal task speci cation. 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)

su ce 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 speci cation modality, DeL-TaCo simultaneously conditions on both

language and demonstrations during training and testing to resolve any ambiguities
in either task speci cation modality, enabling better generalization to novel tasks and

signi cantly reducing teacher e ort 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 su er from ambiguity, especially when there are large di erences
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 di erent 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 ine cient and ambiguous for novel task speci cation. 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,
ne-grained language instruction. Both are di cult 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

speci cations, but is much easier and more cost-e ective for the end-user to provide.

We propose DelL-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 rst work to demonstrate that specifying new tasks to robotic multi-task
policies simultaneously with both demonstrations and language reduces teacher e ort
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 di erentiable 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 ine cient 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 speci cation. This framework is exible and learning algorithm-agnostic. (3)

We show that DelL-TaCo signi cantly lowers teacher e ort in novel task-speci cation
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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 di erent architec-
ture, Shao et al. (2020) learn a policy that maps natural language verbs and initial
observations to full trajectories by training a video classi er 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 e ort 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 bu er 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 speci cation. 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 speci cation framework is

compatible with these additional uses of language.

3.3 Problem Setting

3.3.1 Multi-task Imitation Learning

We de ne a set of n tasks fTgl; and split them into training tasks U and test
tasks V, where (U; V) is a bipartition of ffg_, . For each task T, we assume access
to a set of m expert trajectories f;; gZ; and a single language description.| Given
continuous state space S, continuous action space A, and task embedding space Z,
the goal is to train a Markovian policy :S Z! (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 bu er [, of trajectories for only the
tasks in U and their associated natural language descﬁptions. We de ne each triajec-
tory as a xed-length sequence of state-action pairg = sg)Jag)J ; sg?j ;ag?j S
where j is the trajectory index for task T; 2 U with task embedding z. We use behav-
ioral cloning (BC) (Hussein et al., 2017; Pomerleau, 1988) to update the parameters of

to maximize the log probability of at('J) sf'l) ;Z , though our framework is agnostic

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

During evaluation, we assume access to a bu er R of trajectories for only
the tasks in V and their associated natural language descriptions. Unlike ) where
we have m demonstrations for each task, in & we have just a single demonstration

for each task. For all test tasks T2 V, we rollout the policy for a xed number
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of timesteps by taking action @ (ajs ¢;z). The z 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 z we have two encoders (which are either
trained jointly with policy or frozen from a pretrained model): a demonstration
encoder, fiemo © ij 7! Zdemoi Mapping trajectories of task T to demonstration em-
beddings, and a language encodefigdy : |i 7! Zjang;; Mapping task instruction strings
l; to language embeddings. Previous work has explored usingas a one-hot task
vector, language embedding#g; , or goal image/demonstration embedding @&mo;i,
but our approach DeL-TaCo uses task embedding Z [Z gemo:i; Ziang: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 f gemo IS @ 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 . is trained
from scratch, or is a pretrained network that requires square-shaped images. The
m n image array consists of observations from the rst timestep, the last timestep,
and mn 2 other randomly selected timesteps from the trajectory, arranged in raster-
scan order. This sparse sampling of frames su ces 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 fung, Where zang;i is simply the average of all miniLM-embedded tokens
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Figure 3.2: Method Architecture. DelL-TaCo uses three main networks: the policy

, a demonstration encoder fjemo, and a language encoderif,y. During both training
and testing, the policy is conditioned on the demonstration and language embeddings
for the task.

in I;, 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 , 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 a ne 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 nding the

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

Empirically, a simple approach performed best. The demonstration embed-
dings zemo are fed into the policy's ResNet backbone via FiLM, while the language

task embeddings g,y and robot proprioceptive state (6 joint angles, end-e ector
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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 = fI,; :::; T, 0
U. Given a trajectory j for task Tp,, and corresponding natural language instruc-
tion I;, we compute the demonstration embeddingsZo:m, = f demo( j ) and language
embeddings &ng:m; = f 1ang (Ii). We collect the embeddings of tasks in M in matrices
Zdemo = [Zdemom; 1175 Zdemoim, ] @Nd Ziang = [Z1angim 15 155 Ziangim |-

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:
1.
L demo(Z demo; Ziang) = Crossentropy  —Zg.moZiang; | (3.1)

where | is the identity matrix and is a tuned temperature %calar. Ii:or some tra-

jectory of state-[xyz action, gripper action] pairs x;; = sE'J) at('J) gf'l)

extracted
from expert demonstration j for task T, 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 z and z; for zj3ng and Zgemo:

L ()= X lo 0 0., . + @ 0., .5
1j g Ay Stj s Zdim;s Zim; g G g SgjsZdim;is Zim;
Xtij 2

(3.2)
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outputs a distribution over xyz actions, and the gripper head 4 of the policy
network outputs a scalar 2 [O; 1] for the gripper action trained on a tuned 4 > 0.
Both f 4emo @and networks are trained jointly with the following loss, for a tuned
q4>0:

I—( ;f demo;flang) =L ( ij ) + dl- demo(zdemo; Zlang) (33)

Note L ( ;) is summed over all trajectories in the batch of training tasks M (double
summation in Equation 3.2 ommitted for brevity). fiang 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 bu er 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 3 104
Gripper Loss Weight ( gin L ) 30.0
Task Encoder Weight ( 4 in L) 10.0
Contrastive Learning Temperature ( in L gemo) 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,T2 V.
Recall that T, 2 U, our set of training tasks. From our problem setup description in
Sec. 3.3.1, we have access to a validation task bu erfpwith a single demonstration

v and a natural language instruction | for task T,. We encode the demonstration
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Table 3.1: Policy 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 RelLU
FiLM input size 768
FiLM hidden layers 0
Spatial Softmax Temperature 1.0
Learning Rate 3 10°
Policy Action Distribution Multivariate Isotropic Gaussian N(; )
Policy Outputs (;)
Image Augmentation Random Crops
Image Augmentation Padding 4

with f gemo and the language with f,,y and pass both task embeddings to the policy.
Details are summarized in Algorithm 2.

Algorithm 1 DelL-TaCo: Training Algorithm 2 DeL-TaCo: Evaluation
Input: D ain Input: D
1: while not done do 1: for validation task T in V do
2: M k random train tasks from U 2: Get 1 demo , and language | from
31 Sample X =f j gjb:]d D tain Dyal
4: X fX jT; 2Mg 3. Zdemo [ demo( v) // Encode demo
5. L fl §jTi 2 Mg // Lang. instruc-  4:  Zang f jang(lv) // Encode language
tions 5. fortimet=0;:;H 1do
6: Zgemo [ demo(X) // Demo encoder 6 Take action &
7. Ziang f jang(L) // Language en- (aJs t; Zdemo: Ziang)
coder 7:  end for
8: Update :f demo on 8: end for
L(;f demo;fiang) // per Eqn. 3.3
9: end while
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Table 3.2: f4emo 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, O, O]
Image Augmentation Random Crops
Image Augmentation Padding 4

3.5 Experimental Setup

3.5.1 Environment

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 di erent containers. The

Figure 3.4: Sample train and test tasks,
grouped by the object identi er types (underlined
resenting an (X;y;z) change in jn each language instruction). All 6 container iden-
the robot's end e ector position, li €rs are seen in both training and testing.

action space is continuous, rep-

42



plus the binary gripper state

(closed/opened). We subdivide the workspace into four quadrants. Two quadrants
are randomly chosen to contain the two di erent 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 femo 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
speci ed through language with a single template-based instruction of the format put

[target object identi er] in [target container identi er].

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 di erent container identi ers 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 di erent 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 identi ers unfamiliar
to the policy. The task instructions also refer to the objects through di erent types
of identi ers: 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 identi ers help simulate ambiguity that arises from informal hu-
man instructions, where di erent humans may refer to the same object or container
through di erent attributes, enabling demonstrations and instructions to complement
each other when the robot learns a new task. In total, there are 50 target object iden-
tiers (32 + 8 + 10) and 6 target container identi ers, 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 identi er string] in [target container identi er string]. For
each object identi er, we build a string referring to the target obj in a speci ¢ format
shown in Table 3.4.

Table 3.4: Object Identi er String Format for each Object Identi er Type.

Object Identi er Type | Target Object Identi er 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 identi er and target container

strings underlined):
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" Task 4: Putblack and white colored, chalice shaped smushed dumbbeligreen

bin.

" Task 292: Put cup shaped objecin right bin.

3.5.2.3 List of Tasks

All 300 tasks are shown
in Table 3.5, by object identi-
er (rows) and container iden-
ti er (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.

Table 3.5: Object and Container Identi ers

Object Identi er Type

Object Identi er

Container Identi er

green| red | front ] back | left | right

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
paci er 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
name 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
at 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
owery 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

black and white 32 | 82| 132 182 |232| 282
brown 33 | 83| 133 183 | 233| 283

blue 34 | 84| 134 184 |234| 284

color gray 35 | 8| 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

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

shape 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
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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 de ned 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.

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

bu er 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.ioffiles/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 speci ed 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 e ort 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
Language-only 14:4 2:4
CLIP (p) Demo-only 35 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 34
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 75 12

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:4mo is a trained-from-scratch CNN
and fjang is pretrained miniLM. Right: f gemo and fiang 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 rst
running a one-hotconditioned 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 oracten 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-onlyolicies
do not involve training fgemo, and only the language instruction embeddings are fed
into the policy via FiLM during training and testing. The demo-only policies train
f gemo @S shown in Algorithm 1, but during training and testing, only the demonstra-

tion embedding zemo IS passed into the policy via FILM. DeL-TaCo (ours)onditions

on both demonstration and language during training and testing as shown in Algo-
rithms 1 and 2.

When using pretrained MiniLM as fi;ng and a lightweight CNN for f gemo, DelL-
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 DelL-TaCo
policies train the fgemo CNN from scratch without any pretraining, so they must learn

to ground object and container identi ers 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. BCi¥ang et al.,
2021) performs worse than our approaches because its demo encoder is trained to
directly regress Zemo 10 Ziang, hindering it from performing better than solely using

Ziang during testing. MCIL (Lynch and Sermanet, 2021), which trains separate en-
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coders for each task embedding modality and averages the imitation learning losses
over the di erent encoders, also performs worse than DeL-TaCo because without any
task encoder loss term, learning a well-shaped task embedding space is more di cult,

hurting generalization performance.

Finally, to evaluate the e ect of pretraining, we use pretrained CLIP (Radford
et al., 2021) as the task encoder (with its language transformer agnf and vision
transformer as fiemo) and freeze it during training. The language-only policy performs
signi cantly better than the video-only policy most likely because CLIP's visual trans-
former was trained mostly on real-world images and without further netuning, does
not know how to su ciently di erentiate between the simulation demonstrations of
di erent 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 restan 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 fiemo and fiang 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) 84 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) 316 5:2

Table 3.8: Value of Language. Evaluation on Novel Objects, Colors, and Shapes.

Task Conditioning Demo-only DelL-TaCo (ours)
# demos per test-task netunedon 0 10 25 50 100 0
Success Rate (%) 20:8 23:4 24:6 26:132:9 25:8
SD (%) 2.4 1.8 25 2.6 2.5 3:4

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 asidn, and pretrained miniLM as fiang.
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 netuning 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 speci cation
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 (%)

None Language-only 17:1 2:2

(i) (From Table 3.6) container Demo-only 20:8 24
container None DeL-TaCo (ours) 25:8 34

object Language-only 18:4 25

(ii) container Demo-only 275 4:3
container object DeL-TaCo (ours) 3055 31

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 netune 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 DelL-TaCo (un-
derlined) when it is netuned 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 DelL-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 netuning it on 50 additional demonstrations of that
task. This showcases the immense value of language in supplementing demonstra-
tions for novel task speci cation, signi cantly reducing the e ort involved in teaching

robots novel tasks over demonstration-only methods.

3.6.3 How e ective is DelL-TaCo at resolving ambiguity in both modali-

ties?

In Tables 3.6 and 3.7, we examined the e ects of conditioning the multitask
policy on a demonstration that is ambiguous about the target container, plus an
unambiguous language instruction that clearly species 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 di erent 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 di erent 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
identi er 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 speci es 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 DelL-TaCo and the demo-only

policies.

3.6.4 Additional Module Comparisons and Ablations

In Table 3.10, we compare the performance of dierent 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
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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 DistiIRoBERTa (p) Contrastive FiLM (demo), Concat (lang) DeL-TaCo (ours) 25:2 2.9
DistilBERT (p) FiLM Language-only 94 1:8
CNN DistilBERT (p) Contrastive FiLM (demo), Concat (lang) DeL-TaCo (ours) 27:1 25
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) 1355 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) DelL-TaCo (ours) 79 45
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 DistiiRoBERTa (Sanh et al., 2020) and DistiIBERT (Sanh et al., 2019). These
were chosen because they have (1) a relatively small number of parameters for com-
putational e ciency, 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 di erence from adding a netuneable 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 DistiiBERT 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 lyemo(Zdemo; Ziang) =1 Z demo Ziang (Where Kzjemok = KZjangk = 1).
Our contrastive task encoder loss term is crucial; without it (setting ¢ = 0 in

Egn. 3.3), performance drops substantially.
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Task Conditioning Architecture Ablations. Concatenating z demo and
Ziang before feeding into FiLM layers causes a slight drop in performance compared to
our architecture in Figure 3.2, and simply concatenatinggmo, and zang 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 speci cation 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 e ort
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 e ort 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 nd su cient value

in language for tasks that require high-precision spatial movements, or if the visual

56



demonstration modality already perfectly disambiguates the task. Fourth, we did
not nd 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 speci cation, 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 signi cant 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 di erent 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 e ectively leverage cheap sim data while successfully tting
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 ne-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 di erences in pixel space.

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 thatif a sim and Figure 4.1. Bridging the sim2real gap with

real image have similar languagelanguage. Robot images from simulation and the
real world with similar language descriptions (green

_ & purple borders) are mapped to similar features
open and right above the pan iy Janguage embedding space, while sim and real
handle ), then their underlying images with di erent language descriptions (teal &
red) are mapped to faraway locations. We propose
using language embedding similarities to re-shape
and thus the actions the policy the image embeddings (center) to create a domain-
invariant image space. A policy is learned condi-

tioned on these image embeddings from both sim
age should also be semanticallyand real images (right).

descriptions (e.g., the gripperis

semantic states are also similar,
predicts conditioned on each im-
similar (e.g., moving downward
to reach the pan handle). The pretrained embedding space of large language mod-

els (LLMs) o ers 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 rst pretrain the back-
bone on large datasets, and then add and train a task-specic head to process the
backbone outputs to perform a downstream task. We borrow from this paradigm by
rst 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 di erences but contain data
across a similar distribution of tasks. Our approach has the following main advantages

over prior sim2real e orts:

1. Alleviates the need for engineering-intensive system identi cation, 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 di erences in: camera point-of-view
(1st vs 3rd person), friction and damping coe cients, 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 rst work
that shows that using language to learn a domain-invariant visual representation can

help improve the sample e ciency 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, signi cant
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 classi cation (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 speci ¢ 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 in uenced by the semantics of language captions. This results in a represen-
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tation that is too object-centric to di erentiate between di erent 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
identi cation (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 delity 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 identi cation 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 e cient 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 (Muller et al., 2018; Ai et al.,
2023) as a common representation space between domains, though their e ectiveness
has only been demonstrated in navigation tasks with binary segmentation masks,
which is too simpli ed 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 ne-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:, D
which spans multiple tasks in the source domain, and{g)get, which contains a small
number of demonstrations of the target task in the target domain we want to transfer

t

to. Thus, we assume that jb0j >> jD , due to how expensive target domain

arget |
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 di erent ob-
jects and containers across di erent 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,
= f(l ;s [a;li]; lask )9, IS @ sequence of tuples containing an image observation,

l; (128 128 RGB), robot proprioceptive state, s; (end e ector position and joint
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angles), and a language instruction of the taskgi. Note that | IS the same
over all timesteps of all trajectories in a given task. [al;] 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 | In the following
sections, we identify with [L] a trajectory with language descriptions ¢, but no
actions g. Similarly, [A] is a full demonstration with actions, a;, but no language

descriptions, |.

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 descriptiong, bre di erent from the

language instruction associated with each taskgdy .

Di erent data elements and types of trajectories will be used during pretraining
and policy few-shot training: during pretraining, we use [L] image-language ll;)

pairs from D°[D iarget. During policy learning, we use [A] data: (k;St; a&; lask)

tuples from D°[D {arget. In the next section, we explain how these two steps are

de ned for Lang4Sim2Real.

4.4 Lang4Sim2Real: Few-Shot IL with Sim&Real

In our method, we adopt the common pretrain-then- netune 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 £, using the language
embeddings associated with de-
scriptions of both sim and real
image observations. iﬁng and
g

of the CNN and the LLM, re-
spectively, in domain d. With

refer to the output features

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 §,,, add adapter modules and a policy head and allow

the last layer of the CNN to netune, then train the resulting multitask language-

t
target *

conditioned policy on D’[D

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 rst 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
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de ne 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 o -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 rst 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,
fen :1: IR %m  that attains the following property: it should preserve the semantic
similarity of scenes in images between the two domains. For instance, if both image
| S from D*® (sim) and image I' from D{arget (real world) show the robot's gripper open
and a few inches above the object to grasp, even if from di erent 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, o -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 su cient
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 netuning 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 tuplésl|z)
from D® and (1';1) from D{,.,. We denote this vision language pretraining dataset
as Dy = f(I %19 : (1%19) 2 D°[D {449, Where d is either the source or target
domain. The images are observations collected during 100 demonstrations from each
of the tasks in D°® and 25-100 demonstrations from Qrget, totaling around 10k images
per domain. We assume that the two sets of language descriptions irf Bnd Dtprior
are similarly distributed; otherwise, language may not help learn domain-invariant

features between D and D'.

To e ectively leverage language as a bridge between visually di erent domains,
we need a well-tuned (frozen) language modelgdy : | ' R %9 | to map strings to
diang dimensional language embeddings. We use o -the-shelf miniLM (Wang et al.,
2020), since prior work (Mees et al., 2022) has demonstrated its e ectiveness for
language-conditioned control policies compared to other small, o -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 rst variant is a straightforward use of language supervision to shape the
image embedding space: predicting the language embedding of the descriptidp, |

68



given the embedding of the corresponding image’.| We sample image-language pairs
from the Dy, dataset de ned above: (F;1%) D °[D jy4e. Letg: R%m IR deng
be a single linear layer (language predictor in Fig. 4.2(i)(A)) trained to minimize the
following loss:

LemregOvi)= g fom(®)  iang(19) (4.)

We use the loss to train both the language predictor and the CNN backbone. The loss
provides strong language supervision by encouraging,f to directly regress toward
the frozen language embeddings of the image descriptions, e ectively making the

pretrained image encoder re ect 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:
Lennaist Ovi) = o) d 1518 2 (4.2)

where the language distance function we use, d : | | ! 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 possibleS(ll') 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 -2 distances
between language embeddings. The output of, 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 bene cial 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, f.,n, 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 §,, 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 featuref,(I¢), and proprioceptive state, g, and train
the resulting policy with BC loss to predict the mean and standard deviation of a
multivariate Gaussian action distribution, as described below.

t
target

Let our training dataset Dgc = D °[D be a set of demonstrations ¢,
for domain d 2 fsource, targetg. As explained in Sec. 4.3, each demonstration is a
sequence of tuples x= 183;sd;ad; I,k 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):
1 X
L (D BC) = § |09 a? fcnn (I td), S?; Itask (4-3)
Xt d
4D gc

where B denotes the batch size.

The policy is trained on k + 1 tasks: k from D’ (thousands of trajectories per

task) and 1 from Diarget ( 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 ¢ for a xed

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 di erent
domains depicting semantically similar scenes map into similar regions of the learned

embedding space. This accelerates learning not only orf Bata but also helps alle-

t

viate data scarcity in Drarget

because the pretrained image backbone encodegn‘jjgt

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
gure 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 netuned, 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 bu er 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
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Figure 4.3: Detailed Policy Network Architecture. Fire denotes layers trained during
policy learning. The early CNN modules are kept frozen to maintain the intermediate
representations learned from the pretraining phase.
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Table 4.1: Policy 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 RelLU
FiLM input size 384
FiLM hidden layers 0
Spatial Softmax Temperature 1.0
Learning Rate 3 10°
Policy Action Distribution Multivariate Isotropic Gaussian N(; )
Policy Outputs (;)
Image Augmentation Random Crops
Image Augmentation Padding 4

4.45 Language Labeling of Image Observations Details
4.45.1 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 de ne 7 stages and
7 corresponding language string templates, where the rst 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 lled in with the proper names.

4.4.5.2 Alternative Approach: Language labeling with o -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 o -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 netuning 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 veri ed 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
di erences, and the sim2real setting, where the few shot IL is de ned 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’nd D' to denote the

source and target domains, respectively.

451 Sim2Sim and Sim2Real Environment Di erences

In sim2sim, D® and D' are both sim environments with large di erences in

camera point-of-view (third person vs. rst person), joint friction, and damping:

1. Camera point-of-view: D °image observations are third person (looking to-
ward the robot), and D' image observations are rst person (over the shoulder),

a large change of viewing angle.
2. Friction and Damping: Joint friction and damping coe cients are 5 and

50 higher in D ' than D*®, which signi cantly 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 di erences in control frequency, task

goals, visual observation appearance, objects, and initial positions:

1. Control frequency: The simulated D ° policy runs at 50Hz while the real

world D' policy runs at 2Hz.

2. Objects: The objects on the scene in each task di er between simulation and

real data, except the robot itself.

3. Visual Observation: Backgrounds and camera angles are markedly di erent

between the two domains.

4. Initial positions: The initial object and robot positions are di erent across

sim and real.
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45.2 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

nal few hundred epochs of training.

45.3 Data

45.3.1 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-
e ector 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-e ector position, gripper state, and sine and cosine
transformations of the 7 joint angles. The image observation space is 128 128 RGB

images.

45.3.2 Overview of Tasks

For each task suite, we collect data from simulated domain Tand real target
domain D' (for sim2real) or sim target domain D ' (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 50 Hz, 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 D®, sim2sim Dj, ., Sim2real

Diaget- 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 Band
D' 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 e ectiveness 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.

45.4 Task Suite 1. Stack Object

In our rst suite of tasks, the robot must move an object to a target. In
the simulated domain D, 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

D*® simulation data.
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4541 sim2sim

For sim2sim experiments on this task suite, we de ne a new Dsimulated
environment with di erences from D° as enumerated in Sec. 4.5.1. Policies are trained

with the 1600 D° demonstrations and 100 target task Qrget demonstrations.

4542 sim2real

For sim2real, D S remains the same as sim2sim. Dis a real world environment
in which the object is randomly placed on the left mat and the target task Qrget isto

move the object onto the right mat and open the gripper by the end of 20 timesteps.

455 Task Suite 2: Multi-step Pick and Place

Our second suite of tasks is longer-horizon. In simulation, the robot must rst
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 D°®.

4551 sim2sim

Similar to the stacking task, in the sim2sim setting, we de ne a new D
environment with di erences from D° enumerated in Sec. 4.5.1 and evaluate over the

four tasks when given 100 target-task R, demonstrations.

455.2 sim2real

In the sim2real setup, D ° remains the same, while Dis 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 rst step
of placing the carrot in the bowl. Because we only count consecutively completed
subtasks, failing the rst step results in a score of zero, even if the subsequent step(s)

are successful.

45.6 Task Suite 3: Wrap Wire

Our nal suite of tasks involves wrapping a long deformable wire around a xed
object. In simulation D®, we approximate a wire with a chain of spheres connected
with free joints, and the task is to wrap the chain around a xed cylinder (see Fig. 4.4).
A trajectory is successful if the rst link of the chain has traveled % 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. Bcontains 400 trajectories

per task.

456.1 sim2sim

For our D' sim environment, we again apply the changes speci ed 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.

45.6.2 sim2real

In our sim2real experiments, the target task Dﬁarget is to rst grasp the plug,
then wrap the cord around the base of a blender in the middle of the workspace, and
nally put the plug down, similar to what one might do before putting the appliance
away. Like the sim environment, we de ne success if the following two conditions are
met: (1) the plug travels % 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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45.7 Baselines

To evaluate the e ectiveness 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 D ' data, and training with both D ® and D' data. This enables us
to understand the bene ts 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 D’ environment.

~ Automatic Domain Randomization with Random Network Adversary
(ADR+RNA) (OpenAl 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 Qrget

demonstrations.
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45.8 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 e ects of language on our pretraining approach in a method
called stage classi cation, 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 { exWraparoundObjName} fully wrapped
gripper open, above {graspObjName} with { exWraparoundObjName} fully unwrapped
Variable Possible Values

objName milk, bread, can, cereal, pot, carrot, bowl, bridge
contName coaster, pot, stove, bowl, plate
exWraparoundObjName 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 (%)
D* Diarget 25 50 100 25 50 100 25 50 100 25 50 100
No Pretrain (D") 3 20 30 45 0 30 35 045 105 1.05 20 15 45
No Pretrain (D°+D') 3 3 35 20 55 45 25 55 115 1.0 14 25 20 20
MMD 3 3 25 35 80 20 10 35 0.8 0.9 11 5 10 20
Domain Random. 3 3 40 60 40 10 10 25 0.7 0.6 0.7 0 O 0
ADR+RNA 3 3 35 30 35 15 25 40 0.85 0.8 13 0 10 0
Lang Reg. (ours) 3 3 40 75 80 60 80 90 145 18 19 45 40 45
Lang Dist. (ours) 3 3 60 45 80 55 70 75 135 1.65 1.6 30 25 75
Stage Classif. 3 3 40 60 60 50 60 50 145 155 15 30 40 50
CLIP (frozen) 3 3 25 5 15 10 15 40 0.3 045 1.0 35 35 30
R3M (frozen) 3 3 30 45 65 15 60 55 07 1.4 15 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 (D' data only) 15:2 6:5 18:9 6:7 31:9 85 254 92 229 208 7.5 177 44 163 50 17:3 81 180 69:2 83
None (D°+D ' data) 22:5 9:2 32:3 9:8 37:9 88 29:2 83 305 284 10:9 31:3 10:7 13:9 55 27:8 10:2 254 82:1 6:8

Lang Reg. (ours) 20:6 8:1 57:3 81 631 7:7 325 6:3 43:4 54:0 7:2 625 12:1 76:0 8:7 585 9:3 62:8 90:7 54
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 83 279 7:1 446 63:1 999 62:1 9:3 554 85 67:7 9:7 62:1 91:4 3:6

CLIP (frozen) 1.7 0:4 19 1.9 38 25 4.0 27 29 36:1 143 399 89 288 89 484 119 38:3 756 7.7
R3M (frozen) 4:5 3:3 9:0 48 1918 6:9 154 54 12:2 4914 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 e ectiveness 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 Dsim demonstrations in
sim2real provides little benet 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 D without pretraining yields some improvement, the

sim2sim gap is signi cant enough that pretraining is necessary for e ective 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 di culty 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 di cult 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 t 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 e ect of language in learning shared representations?

We ablate the e ect of language on our pretraining as the stage classi cation
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 classi cation pretraining.
However, in sim2real, where the domain gap is larger, we see language providing
a measurable benet in all task suites, especially in multi-step pick-and-place, per-
haps because pretraining with language leverages similarities in language descriptions

between the rst 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 e ect 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
signi cant 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 D}arget 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 (D") 40 20 30 1.15 0.9 1.15 25 45 35
No Pretrain (D°+D") 45 30 50 125 1.2 14 15 30 30

all-stages 55 80 95 1.2 1.8 195 25 50 55

half-stages 45 60 65 1.15 145 155 5 35 25
2-stages 35 45 75 1.05 1.3 1.6 20 50 40
1-stage 55 65 80 1.3 155 175 15 15 45

1 stage per domain 10 50 50 065 1.3 1.25 15 15 20

task DltOrior that we pretrain on, and use real-world target task data rgrget only dur-
ing imitation learning. Figure 4.5 provides Im strips of trajectories from the source
domain data D®, target domain prior task data D:,rior, and target domain target task
data Dy, for each of the three task suites. The advantage of this problem setup
is that we can reuse the same.f, for multiple downstream real-world target tasks
as long as they are su ciently similar to the real-world prior task. In this modi ed
problem setup, our method still mostly outperforms all baselines, which demonstrates

that our method does not over t 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, D and D}arget. In this setting, we
experiment with pretraining on D°[D E,rior and training our policy on D°[D Earget.

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 augmentéqo,D
dataset that includes action-labeled demonstrations, in addition to the target task,
Dﬁarget. Note that our method is not given Qrior action-labeled data: it is trained only
on D|torior 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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