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How can we imbue robots with the ability to achieve arbitrary goals in novel environments?

Language provides a natural interface for guiding robots and abstracting the complexities of

the physical world. Previous attempts to guide robots with language often rely on human-

designed intermediate representations, such as object detections, categories, poses, and sym-

bolic states. These representations struggle to represent everyday objects, such as deformable

shirts, coffee beans, ropes, and cherry stems.

One solution that does not require human-designed representations is end-to-end deep

learning, which directly maps camera observations to robot actions. While learning approaches

are vastly more expressive than traditional methods, they are severely bottlenecked by the lack

of training data in robotics. Training a simple policy could take months of data collection and

is not scalable. However, robot data includes spatial symmetries and other structural priors

that can be utilized to efficiently learn policies for a wide range of tasks.



In this thesis, we present various methods for using language to guide robot actions through

end-to-end learning. First, we present ALFRED, a large-scale dataset and benchmark for

evaluating agents that follow language instructions in partially-observable household envi-

ronments. Next, we introduce CLIPort and PerAct, two language-conditioned manipulation

frameworks that aim to replicate the success of pre-training large models from vision and

language in robotics. These frameworks use spatial priors to efficiently learn action represen-

tations from limited data. Lastly, we discuss ALFWorld, a framework for learning “textual

policies” in interactive text games, thereby avoiding the visual and physical complexities of

interacting with embodied environments. We conclude with a discussion on counterpoints,

limitations, and potential future directions for scaling-up robot-learning and butler robots.
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1

Chapter 1

Introduction

Current

CLEAN

❶ One skill ❹ No learning

❷    Humans 
       are obstacles

❸    Objects
       are obstacles

❺   Button for
     communication

❻   No abstract
           reasoning

Future

❶ Thousands
          of skills

❷ Collaborates
       with humans

❸  Interacts
     with objects

❹  Learns new 
               skills

❻  Abstract
       Reasoning

❺  Understands
      language goals

“make me udon noodles”🗣

FIGURE 1.1: Desiderata for Personal Robots. Capabilities of a currently available personal-robot versus
the desired capabilities of a general-purpose robot assistant of the future.

Language provides a natural medium for communicating goals and abstracting the physical
world. The fundamental cognitive process that connects language to perception and action is
so seamless in humans that we hardly consider it a difficult or intelligent task. As articulated in
Moravec’s paradox [197], machines excel at tasks that humans consider difficult, like playing
Go [254] or writing a graduate-level essay [210], but even the most advanced robots struggle
with tasks that require basic perception and sensorimotor skills, such as “folding a shirt” or
“cooking udon noodles.”

Consider the most successful personal robot — the Roomba vacuum cleaner shown in Fig-
ure 1.1. Its sole function is to clean floors, which can be activated and deactivated with the
CLEAN button. The Roomba is a successful product precisely because it does not interact with its
environment, except for sucking dust. It treats humans and objects as obstacles to be avoided,
not agents to collaborate with or things to manipulate. The Roomba does not have the percep-
tion and motor skills to pick a shirt off the floor, and in fact, there is no commercially available
robot that can robustly manipulate arbitrary objects in novel environments.

Moreover, it is hard to ship a Roomba without the CLEAN button since it is nearly impossi-
ble to predict when the user wants the floors to be cleaned. It could be that the user’s guests
are arriving early, or that the flooring is to be replaced the next day; understanding user in-
tentions is difficult without explicit communication. Now imagine a futuristic version of the
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(a)

(c)

(d)

(b)

(f)(e)

FIGURE 1.2: Representational Challenges in Manipulation. Conventional representations used in
robotics such as object poses, categories, instance segmentations, pre-trained vision features, and sym-
bolic states struggle to represent states of various tasks such as (a) stretching dough, (b) mixing flour
with water, (c) boiling noodles in steaming water, (d) folding dough, (e) garnishing dishes with top-
pings, and (f) throwing sliced dough into boiling water. Credit: Tasty (YouTube)

Roomba with thousands of skills, such as cooking, cleaning, and rearranging objects. With
such a general-purpose assistant capable of multiple tasks, the issue of goal specification be-
comes even more critical. Adding thousands of buttons for thousands of tasks is infeasible.
One natural solution for specifying goals is to use natural language. This solution has been
widely successful with recent generative models like GPT-4 [210] and Stable Diffusion [232]
where language has become the primary interface for guiding text [211], image [225, 232],
video [109], audio [34], and 3D model [221] generation. Can we achieve similar success with
language guided robotics?

Using language to guide robots has long been of interest in human-robot interaction [269].
As early as the 1960s, systems such as SHRDLU [287] were capable of manipulating simu-
lated block shapes by following restricted language instructions. Subsequent works [271, 32,
186, 195, 277, 28, 218] have approached this problem as a symbol grounding issue [100], where
the core challenge is mapping the syntactic structure of language to symbolic entities, such as
object categories, instances, and poses. These symbolic entities are then used with high-level
action operators that are executed with a separate controller. However, it is unclear if this is
a universal problem formulation for robotics. Several works in cognitive psychology [89, 22],
embodied cognition [11, 53], vision [147], and even robotics [35] have argued that separating
perception and action in a top-down manner could be quite limiting. Consider the process of
preparing hand-pulled noodles in Figure 1.2. How can the dough, flour, water mixture, steam,
and other non-rigid objects be represented with conventional representations like segmenta-
tions, objects categories, poses, or symbolic predicates? It is challenging for humans to even
define boundaries around all objects, because objects are specific to tasks. A strand of noodle
or a particle of flour is only relevant if they need to be singled out, but otherwise, noodles and
flour can be lumped together. For animals, perception and action have been interlinked since
the Cambrian explosion 550 million years ago [212]. As Gibson aptly described this top-down
and bottom-up process: "we perceive in order to move, we move in order to perceive.”

https://youtu.be/f2kesmAO8VU
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One promising approach for connecting perception to action directly is through end-to-end
deep learning [158]. Recent deep learning methods have successfully outperformed traditional
methods from computer vision [151, 71, 224], natural language processing [69, 37], and speech
processing [302], by learning intermediate representations that are directly optimized for the
end task instead of using human-crafted representations. Similar to how defining what visual
attributes make a chair is hard, but recognizing a chair is easy, it might be easier to show how to
fold a shirt, instead of defining the physical mechanics of folding. Following this paradigm of
pattern recognition, several end-to-end robot learning methods directly map camera observa-
tions to robot actions by learning from data [161, 79, 140, 174].

However, unlike vision and language domains where large amounts of data can be easily
scraped from the internet, robot data is limited, expensive, and slow to collect. Most robot-
learning systems are single-task agents, and even learning a robust grasping policy for picking
objects could take months of data collection [141, 129]. One solution to improve data efficiency
is to utilize spatial priors and symmetries in the data [313, 311]. By aligning observation and
action spaces, and directly detecting actions in the observation space, visual affordance models
are able to learn robust perception-action loops with limited data. With these spatial priors,
we can focus on collecting tens of demonstrations for thousands of tasks, instead of collect-
ing thousands of demonstrations for tens of tasks. We know from the success of vision and
language models that the diversity of tasks and datasets is crucial for generalization in large-
scale deep learning [238].

But while scaling-up simple perception-action loops is promising, it is limited to short-
horizon tasks that can be completed within a few seconds. To achieve tasks that take several
minutes or even hours to complete, some form of abstraction is necessary to distill the vast
amount of visual and physical information. Here, natural language again provides a natural
abstraction for compressing sensorimotor experiences [21, 72]. For instance, as the robot plans
to gather ingredients to “make udon noodles”, it is inefficient and unnecessary to reason about
the exact footsteps to navigate to the cabinet or anticipate the exact texture of cabinet doors to
be opened. Instead, learning abstract plans such as “go to the top cabinet” and “grab the flour”
are concise, generalizable, and less prone to overfitting on training environments.

In this thesis, we aim to consolidate these insights from vision, language, and robotics. This
thesis does not propose novel algorithms or theoretically-motivated solutions, but proposes
better problem formulations for building more capable robots. To this end, we present five key
principles:

1 Guiding robot behavior with language goals.

2 End-to-end learning for mapping language goals and perceptual input to robot actions.

3 Keeping the perception and action spaces aligned for data efficiency.

4 Scaling up multi-task learning with large and diverse robot datasets.

5 Using language to abstract complex visual and physical events.
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While these principles may seem obvious, very few prior works have combined them into a
unified framework. Drawing inspiration from the success of simple objectives like next token
prediction in language [37], and contrastive learning in vision [47, 105], we aim to develop
generalist robots by learning perceptual representations of actions conditioned on language.

The contributions of this thesis are as follows:

• In Chapter 2, we present ALFRED, a large-scale benchmark for studying agents that
follow language instructions in interactive embodied environments. The benchmark
presents challenging long-horizon tasks in partially-observable scenes.

• In Chapter 3, we propose CLIPort, an end-to-end manipulation agent that learns a wide
variety of skills, such as folding, sweeping, and packing. Without using any symbols,
segmentations, object categories or other intermediate representations, CLIPort directly
encodes language goals and RGB-D images, and outputs 2D actions.

• In Chapter 4, we develop PERACT, an end-to-end Transformer the encodes language
goals and RGB-D voxels, and outputs 3D actions. Like vision and language models, we
show that PERACT scales to a wide variety of 6-DoF tasks and transfers to new tasks.

• In Chapter 5, we present ALFWorld, an interactive “textual” environment for learning
high-level plans without complex visual and physical interactions. We show that these
plans transfer well to embodied tasks.

• In Chapter 6, we consider some counterpoints to the key arguments made in this thesis.
We discuss scenarios in which the proposed principles could limit the generalization
capabilities of agents.

• Finally, in Chapter 7, we conclude with some takeaways and potential future directions
for large-scale robot learning.
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Chapter 2

Guiding Agents with Language

1

2 3

4
5 6

"walk to the coffee
maker on the right"

"wash the mug in the sink"
"put the clean mug
in the coffee maker"

"pick up the mug and go
back to the coffee maker"

"pick up the dirty mug
from the coffee maker" "turn and walk to the sink"

visual navigation

visual navigation
memory

object interaction
state changes

visual navigationobject interaction

object interaction

Goal: "Rinse off a mug and place it in the coffee maker"

t 0= t 10= t 21=

t 50=t 27= t 36=

FIGURE 2.1: ALFRED Challenge. ALFRED con-
sists of 25K language directives corresponding to
expert demonstrations of household tasks. We
highlight several frames corresponding to por-
tions of the accompanying language instruction.
ALFRED involves interactions with objects, state
changes, and long-horizon planning.

Language provides a natural interface for di-
recting agents to achieve desired goals. But
unlike vision-language models that ground
language in just perceptual input, embod-
ied agents need to ground language in both
perception and action. A first step towards
building agents that follow instructions in
rich environments is to develop a standard-
ized benchmark that evaluates grounding
abilities in controlled settings.

We present ALFRED (Action Learning
From Realistic Environments and Directives),
a dataset and benchmark for learning a map-
ping from natural language instructions and
egocentric vision to sequences of actions for
household tasks. ALFRED includes long,
compositional tasks with non-reversible state
changes to shrink the gap between research
benchmarks and real-world applications. ALFRED consists of expert demonstrations in in-
teractive visual environments for 25K natural language directives. These directives contain
both high-level goals like “rinse off a mug and place it in the coffee maker” and low-level language
instructions like “walk to the coffee maker on the right”. ALFRED tasks are more complex in
terms of sequence length, action space, and language than existing vision-and-language task
datasets. The benchmark has been widely adopted by the community, and after 55 submis-
sions across 3 years, success rates in unseen rooms have improved from 0% to 46%.

This chapter was previously published as Shridhar et al. [252]. Jesse Thomason, Daniel
Gordon, Yonatan Bisk, and Winson Han contributed to the materials presented here. The code,
dataset, leaderboard, and pre-trained models are available at: askforalfred.com

https://askforalfred.com
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2.1 Overview

A robot operating in human spaces must learn to connect natural language to the physical
world. This grounding problem has largely focused on connecting language to static images.
However, robots need to understand task-oriented language, for example “rinse off a mug and
place it in the coffee maker”, as illustrated in Figure 2.1.

Platforms for translating language to action have become increasingly popular, spawning
new test-beds [13, 42, 44, 223]. These benchmarks include language-driven navigation and
embodied question answering, which have seen dramatic improvements in modeling thanks
to environments like Matterport 3D [13, 40], AI2-THOR [148], and AI Habitat [240]. How-
ever, these datasets ignore complexities arising from describing task-oriented behaviors with
objects.

We introduce ALFRED, a new benchmark for connecting human language to actions, behav-
iors, and objects in interactive visual environments. Planner-based expert demonstrations are
accompanied by both high- and low-level human language instructions in 120 indoor scenes in
AI2-THOR 2.0 [148]. These demonstrations involve partial observability, long action horizons,
underspecified natural language, and irreversible actions.

ALFRED includes 25,743 English language directives describing 8,055 expert demonstra-
tions averaging 50 steps each, resulting in 428,322 image-action pairs. Motivated by work in
robotics on segmentation-based grasping [198], agents in ALFRED interact with objects visu-
ally, specifying a pixelwise interaction mask of the target object. This inference is more realistic
than simple object class prediction, where localization is treated as a solved problem. Existing
beam-search [84, 265, 284] and backtracking solutions [144, 175] are infeasible due to the larger
action and state spaces, long horizon, and inability to undo certain actions.

To establish baseline performance levels, we evaluate a sequence-to-sequence model akin
to existing vision-and-language navigation tasks [175]. This baseline model is not effective on
the complex tasks in ALFRED, achieving less than 5% success rates. For analysis, we also
evaluate individual sub-goals. While performance is better for isolated sub-goals, the model
lacks the reasoning capacity for long-horizon and compositional task planning.

In summary, ALFRED facilitates learning models that translate from language to sequences
of actions and interactions in a visually and physically realistic simulation environment. This
benchmark captures many challenges present in real-world settings for translating human lan-
guage to robot actions for accomplishing household tasks. Models that can overcome these
challenges will begin to close the gap towards real-world, language-driven robotics.

2.2 Related Work

Table 2.1 summarizes the benefits of ALFRED relative to other visual action datasets with
language annotations.
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Language Virtual Environment Inference

# Human Granularity Visual Movable State Vis. Obs. Navigation InteractionAnnotations Quality Objects Changes

TACoS [229] 17k+ High&Low Photos ✗ ✗ – – –
R2R [13]; TD [44] 21k+; 9.3k+ Low Photos ✗ ✗ Ego Graph ✗
EQA [60] ✗ High Low ✗ ✗ Ego Discrete ✗
Matt. EQA [286] ✗ High Photos ✗ ✗ Ego Discrete ✗
IQA [92] ✗ High High ✗ ✓ Ego Discrete Discrete
VirtualHome [223] 2.7k+ High&Low High ✓ ✓ 3rd Person ✗ Discrete
VSP [323] ✗ High High ✓ ✓ Ego ✗ Discrete

ALFRED 25k+ High&Low High ✓ ✓ Ego Discrete Discrete
+ Mask

TABLE 2.1: Dataset Comparison. ALFRED is the first interactive visual dataset to include high-level
goal and low-level natural language instructions for object and environment interactions. TACoS [229]
provides detailed high- and low-level text descriptions of cooking videos, but does not facilitate task
execution. For navigation, ALFRED enables discretized, grid-based movement, while other datasets
use topological graph navigation or avoid navigation altogether. ALFRED requires an agent to gener-
ate spatially located interaction masks for action commands. By contrast, other datasets only require
choosing from a discrete set of available interactions and object classes or offer no interactive capability.

Vision & Language Navigation. In vision-and-language navigation tasks, either natural or
templated language describes a route to a goal location through egocentric visual observa-
tions [13, 42, 43, 44, 178]. Since the proposal of R2R [13], researchers have dramatically im-
proved the navigation performance of models [84, 144, 175, 284, 285] with techniques like
progress monitoring [176], as well as introduced task variants with additional, on-route in-
structions [206, 275]. Much of this research is limited to static environments. By contrast,
ALFRED tasks include navigation, object interactions, and state changes.

Vision & Language Task Completion. There are several existing benchmarks based on simple
block worlds and fully observable scenes [28, 192]. ALFRED provides more difficult tasks in
richer, visually complex scenes, and uses partially observable environments. The CHAI bench-
mark [191] evaluates agents performing household instructions, but uses a generic “interact”
action. ALFRED has seven manipulation actions, such as pick up, turn on, and open, state
changes like clean versus dirty, and variation in language and visual complexity.

Previous work in the original AI2-THOR environment investigated the task of visual se-
mantic planning [92, 323]. Artificial language came from templates, and environment interac-
tion was handled with discrete class predictions, for example selecting apple as the target object
from predefined options. ALFRED features human language instructions, and object selec-
tions are carried out with class-agnostic, pixelwise interaction masks. In VirtualHome [223],
programs are generated from video demonstration and natural language instructions, but in-
ference does not involve egocentric visual and action feedback or partial observability.

There is an extensive literature on language-based instruction following in the natural lan-
guage processing community. There, research has focused on mapping instructions to ac-
tions [16, 43, 179, 194, 273], but these works do not involve visual, interactive environments.



8

item(s)
receptacle
scene #

expert
demonstration

Book
Desk
Bedroom 14

Fork (in) Cup
Counter Top
Kitchen 10

Spray Bottle
Toilet Tank
Bathroom 2

Credit Card
Desk Lamp
Bedroom 24

Potato Slice
Counter Top
Kitchen 8

Egg
Side Table
Kitchen 21

Dish Sponge
Cart
Bathroom 1

Annotation # 1 Annotation # 2 Annotation # 3
Goals

Instructions

Pick
& Place

Stack
& Place

Pick Two
& Place

Examine
in Light

Heat
& Place

Cool
& Place

Clean
& Place

Place a clean sponge on the drying rack

Turn around and walk over to the bathtub
on the left. Grab the sponge out of the
bathtub. Turn around and walk to the sink
ahead. Rinse the sponge out in the sink.
Move to the left a bit and face the drying
rack in the corner of the room. Place the
sponge on the drying rack.

Put a clean sponge on a metal rack.

Go to the left and face the faucet side of
the bath tub. Pick up left most green
sponge from the bath tub. Turn around
and go to the sink. Put the sponge in the
sink. Turn on then turn off the water. Take
the sponge from the sink. Go to the metal
bar rack to the left. Put the sponge on the
top rack to the left of the lotion bottle.

Put a rinsed out sponge on the drying rack

Walk forwards a bit and turn left to face
the bathtub. Grab a sponge out of the
bathtub. Turn around and walk forwards
to the sink. Rinse the sponge out in the
sink and pick it up again. Turn left to walk
a bit, then face the drying rack. Put the
sponge on the drying rack.t 8= t 24= t 42=

FIGURE 2.2: ALFRED Annotations. We introduce 7 different task types parameterized by 84 object
classes in 120 scenes. An example of each task type is given above. For the Clean & Place demonstra-
tion, we also show the three crowdsourced language directives. Please see the supplemental material
for example demonstrations and language for each task.

Embodied Question Answering. Existing datasets for visual question answering in embodied
environments use templated language or static scenes [60, 92, 286, 305]. In ALFRED, rather
than answering a question, the agent must complete a task specified using natural language,
which requires both navigation and interaction with objects.

Instruction Alignment. Language annotations of videos enable discovering visual correspon-
dences between words and concepts [8, 244, 229, 304, 324]. ALFRED requires performing tasks
in an interactive setting as opposed to learning from recorded videos.

Robotics Instruction Following. Instruction following is a long-standing topic of interest in
robotics [23, 32, 177, 193, 209, 217, 249, 277]. Lines of research consider different tasks such as
cooking [32], table clearing [209], and mobile manipulation [177]. In general, they are limited
to a few scenes [193], consider a small number of objects [177], or use the same environment
for training and testing [23]. In contrast, ALFRED includes 120 scenes, many object classes
with diverse appearances, and a test set of unseen environments.

2.3 The ALFRED Dataset

The ALFRED dataset comprises 25,743 language directives corresponding to 8,055 expert
demonstration episodes. Each directive includes a high-level goal and a set of step-by-step
instructions. Each expert demonstration can be deterministically replayed in the AI2-THOR
2.0 simulator.

2.3.1 Expert Demonstrations

Expert demonstrations are composed of an agent’s egocentric visual observations of the envi-
ronment and what action is taken at each timestep as well as ground-truth interaction masks.
These demonstrations are generated by a planner [111] using metadata not available to the
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agent at inference time. Navigation actions move the agent or change its camera orientation,
while manipulation actions include picking and placing objects, opening and closing cabinets
and drawers, and turning appliances on and off. Interactions can involve multiple objects,
such as using a knife to slice an apple, cleaning a mug in the sink, and heating a potato in
the microwave. Manipulation actions are accompanied by a ground truth segmentation of the
target object.

Train Validation Test
Seen Unseen Seen Unseen

# Annotations 21,023 820 821 1,533 1,529
# Scenes 108 88 4 107 8

TABLE 2.2: ALFRED Data Splits. All expert
demonstrations and associated language directives
in the validation and test folds are distinct from
those in the train fold. The validation and test sets
are split into seen and unseen folds. Scenes in the
seen folds of validation and test data are subsets of
those in the train fold. Scenes in the unseen valida-
tion and test folds are distinct from the train folds
and from each other.

Figure 2.2 gives examples of the high-
level agent tasks in ALFRED, like putting a
cleaned object at a destination. These tasks
are parameterized by the object of focus, the
destination receptacle (e.g.,, table top), the
scene in which to carry out the task, and in
the case of Stack & Place, a base object (e.g.,,
plate). ALFRED contains expert demonstra-
tions of these seven tasks executed using
combinations of 58 unique object classes and
26 receptacle object classes across 120 dif-
ferent indoor scenes. For object classes like
potato slice, the agent must first pick up a knife and find a potato to create slices. All object
classes contain multiple visual variations with different shapes, textures, and colors. For ex-
ample, there are 30 unique variants of the apple class. Indoor scenes include different room
types: 30 each of kitchens, bathrooms, bedrooms, and living rooms.

ALFRED
+8k

TD
+9k

VH
~3k

R2R
+7k

0

50

100

150

200

Steps in Expert Demonstration

ALFRED
+25k

TD
+9k

VH
~3k

R2R
+21k

0

100

200

300

400

500

600
Instruction Length

FIGURE 2.3: Comparison to Existing Datasets. Ex-
pert demonstration steps and instruction tokens
of ALFRED compared to other datasets with hu-
man language for action sequences: Touchdown
(TD) [44], Puig2018 (VH) [223], and Room-to-Room
(R2R) [13].

For 2,685 combinations of task parame-
ters, we generate three expert demonstra-
tions per parameter set, for a total of 8,055
unique demonstrations with an average of
50 action steps. The distributions of actions
steps in ALFRED demonstrations versus re-
lated datasets is given in Figure 2.3. As an
example, for task parameters {task: Heat &
Place, object: potato, destination: counter top,
scene: KITCHEN-8}, we generate three dif-
ferent expert demonstrations by starting the
agent and objects in randomly chosen loca-
tions. Object start positions have some com-
monsense, class-specific constraints, for ex-
ample a fork can start inside a drawer, but an apple cannot.

Contrasting navigation-only datasets where expert demonstrations can come from an A∗

planner, our state space includes object positions and state changes. Thus, to generate ex-
pert demonstrations we encode the agent and object states, as well as high-level environment
dynamics, into Planning Domain Definition Language (PDDL) rules [88]. We then define task-
specific PDDL goal conditions, for example that a heated potato is resting on a table top. Note
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that the planner encodes the environment as fully observable and has perfect knowledge about
world dynamics. For training and testing agent models, however, the environment is partially
observable: it is only viewed through the agent’s egocentric vision as actions are carried out.

We split these expert demonstrations into training, validation, and test folds (Table 2.2).
Following work in vision-and-language navigation [13], we further split the validation and
test into two conditions: seen and unseen environments. This split facilitates examining how
well models generalize to entirely new spaces with novel object class variations.

2.3.2 Language Directives

For every expert demonstration, we collect open vocabulary, free-form language directives
from at least three different annotators using Amazon Mechanical Turk (AMT), resulting in
25K total language directives. Language directives include a high-level goal together with
low-level instructions, as shown in Figure 2.1 and Figure 2.2. The distribution of language
annotation token lengths in ALFRED versus related datasets is given in Figure 2.3.

AMT workers are told to write instructions to tell a “smart robot” how to accomplish what
is shown in a video. We create a video of each expert demonstration and segment it such
that each segment corresponds to an instruction. We consult the PDDL plan for the expert
demonstration to identify task sub-goals, for example the many low-level steps to navigate to
a knife, or the several steps to heat a potato slice in the microwave once standing in front of
it. We visually highlight action sequences related to sub-goals via colored timeline bars below
the video. In each HIT (Human Intelligence Task), a worker watches the video, then writes
low-level, step-by-step instructions for each highlighted sub-goal segment. The worker also
writes a high-level goal that summarizes what the robot should accomplish during the expert
demonstration.

These directives are validated through a second HIT by at least two annotators, with a
possible third tie-breaker. For validation, we show a worker all three language directive anno-
tations without the video. The worker selects whether the three directives describe the same
actions, and if not, which is most different. If a directive is chosen as most different by a ma-
jority of validation workers, it is removed and the demonstration is subsequently re-annotated
by another worker. Qualitatively, these rejected annotations contain incorrect object referents
(e.g.,, “egg” instead of “potato”) or directions (e.g.,, “go left towards...” instead of “right”).

2.4 Baseline Models

An agent trained for ALFRED tasks needs to jointly reason over vision and language input
and produce a sequence of low-level actions to interact with the environment.

2.4.1 Sequence-to-Sequence Models

We model the interactive agent with a CNN-LSTM sequence-to-sequence (SEQ2SEQ) architec-
ture. A CNN enodes the visual input, a bidirectional-LSTM generates a representation of the
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 ... counter then turn right.  Put the  cup  in the sink then fill ...

PutObject

Act
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(Frozen)
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FIGURE 2.4: Model Overview. At each step, our model reweights the instruction based on the history
(x̂t), and combines the current observation features (vt) and the previously executed action (at−1). These
are passed as input to an LSTM cell to produce the current hidden state. Finally, the new hidden
state (ht) is combined with the previous features to predict both the next action (at) and a pixelwise
interaction mask over the observed image to indicate an object.

language input, and a decoder LSTM infers a sequence of low-level actions while attending
over the encoded language. See Figure 2.4 for an overview and the supplementary material
for implementation details.

Supervision. We train all models using imitation learning on expert trajectories. This ensures
the language directives match the visual inputs. At each timestep, the model is trained to
produce the expert action and associated interaction mask for manipulation actions.

We note that a DAgger-style [234] student-forcing paradigm in ALFRED is non-trivial,
even disregarding language alignment. Obtaining expert demonstration actions on the fly in
navigation-only datasets like R2R [13] only requires rerunning A∗. In ALFRED, on the fly
demonstrations requires re-planning. In same cases re-planning is not possible: if during a
task of {Clean & Place, apple, refrigerator, KITCHEN-3} a student-forcing model slices the only
apple in the scene, the action cannot be recovered from and the task cannot be completed.

Visual encoding. Each visual observation ot is encoded with a frozen ResNet-18 [107] CNN,
where we take the output of the final convolution layer to preserve spatial information neces-
sary for grounding specific objects in the visual frame. We embed this output using two more
1 × 1 convolution layers and a fully-connected layer. During training, a set of T observations
from the expert demonstration is encoded as V = ⟨v1, v2, . . . , vT⟩, where vt is the visual feature
at time-step t.

Language encoding. Given a natural language goal G = ⟨g1, g2, . . . gLg⟩ of Lg words, and
step-by-step instructions S = ⟨s1, s2 . . . sLs⟩ of Ls words, we append them into a single in-
put sequence X = ⟨g1, g2, . . . gLg , <SEP>, s1, s2 . . . sLs⟩ with the <SEP> token indicating the sep-
aration between the high-level goal and low-level instructions. This sequence is fed into a
bi-directional LSTM encoder to produce an encoding x = {x1, . . . , xLg+Ls} for each word in X.
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Attention over language. The agent’s action at each timestep is based on an attention mech-
anism weighting tokens in the instruction. We perform soft-attention on the language features
x to compute the attention distribution αt conditioned on the hidden state of the decoder ht−1

from the last timestep:

zt = (Wxht−1)
⊤x,

αt = Softmax(zt),

x̂t = α⊤
t x

(2.1)

where Wx are learnable parameters of a fully-connected layer, zt is a vector of scalar values
that represent the attention mass for each word in x, and x̂t is the weighted sum of x over the
attention distribution αt induced from zt.

Action decoding. At each timestep t, upon receiving a new observation image ot, the LSTM
decoder takes in the visual feature vt, language feature x̂t, and the previous action at−1, and
outputs a new hidden state ht:

ut = [vt; x̂t; at−1],

ht = LSTM (ut, ht−1)
(2.2)

where [; ] denotes concatenation. The hidden state ht is used to obtain the attention weighted
language feature x̂t+1.

Action and mask prediction. The agent interacts with the environment by choosing an ac-
tion and producing a pixelwise binary mask indicating a specific object in the frame. Although
AI2-THOR supports continuous control for agent navigation and object manipulation, we dis-
cretize the action space. The agent chooses from among 13 actions. There are 5 navigation
actions: MoveAhead, RotateRight, RotateLeft, LookUp, and LookDown together with 7 interac-
tion actions: Pickup, Put, Open, Close, ToggleOn, ToggleOff, and Slice. Interaction actions
require a pixelwise mask to denote the object of interest.1 Finally, the agent predicts a Stop
action to end the episode. We concatenate the hidden state ht with the input features ut and
train two separate networks to predict the next action at and interaction mask mt:

at = argmax (Wa [ht; ut]) ,

mt = σ (deconv [ht; ut])
(2.3)

1The final object chosen by the interaction API is based on the Intersection-over-Union (IoU) score between the
predicted mask and the ground-truth object mask from the simulator.
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where Wa are learnable parameters of a fully connected layer, deconv is a three-layer decon-
volution network, and σ is a sigmoid activation function. Action selection is trained using
softmax cross entropy with the expert action. The interaction masks are learned end-to-end in
a supervised manner based on ground-truth object segmentations using binary cross-entropy
loss. The mask loss is rebalanced to account for sparsity in these dense masks in which target
objects can take up a small portion of the visual frame.

2.4.2 Progress Monitors

ALFRED tasks require reasoning over long sequences of images and instruction words. We
propose two auxiliary losses (Eq. 2.4 & 2.5) that use additional temporal information to reduce
this burden and form a sequence-to-sequence model with progress monitoring (SEQ2SEQ+PM).

Ma et al. [175] showed that agents benefit from maintaining an internal estimate of their
progress towards the goal for navigation tasks. Akin to learning a value function in reinforce-
ment learning, progress monitoring helps to learn the utility of each state in the process of
achieving the overall task. Intuitively, this allows our agent to better distinguish between vi-
sually similar states such as just before putting an object in the microwave versus just after
taking the object out. We introduce a simple module that predicts progress, pt ∈ [0, 1], condi-
tioned on the decoder hidden state ht and the concatenated input ut:

pt = σ (Wp [ht; ut]). (2.4)

The supervision for pt is based on normalized time-step values t/T, where t is the current
time-step, and T is the total length of the expert demonstration (trained via L2 loss).

We also train the agent to predict the number of sub-goals completed so far, ct. These
sub-goals represent segments in the demonstration corresponding to sequences of actions like
navigation, pickup, and heating as identified in the PDDL plan, discussed in Section 2.3.2.
Each segment has a corresponding language instruction, but the alignment must be learned.
This sub-goal prediction encourages the agent to coarsely track its progress through the lan-
guage directive. This prediction is also conditioned on the decoder hidden state ht and the
concatenated input ut:

ct = σ (Wc [ht; ut]). (2.5)

We train ct in a supervised fashion by using the normalized number of sub-goals accomplished
in the expert trajectory at each timestep, ct/C, as the ground-truth label for a task with C sub-
goals. We again train with an L2 loss.

2.5 Experiments

We evaluate the baseline models in the AI2-THOR simulator. When evaluating on test folds,
we run models with the lowest validation loss. Episodes that exceed 1000 steps or cause more
than 10 failed actions are terminated. Failed actions arise from bumping into walls or predict-
ing action interaction masks for incompatible objects, such as attempting to Pickup a counter
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Validation Test
Seen Unseen Seen Unseen

Model Task Goal-Cond Task Goal-Cond Task Goal-Cond Task Goal-Cond
NO LANGUAGE 0.0 (0.0) 5.9 (3.4) 0.0 (0.0) 6.5 (4.7) 0.2 (0.0) 5.0 (3.2) 0.2 (0.0) 6.6 (4.0)
NO VISION 0.0 (0.0) 5.7 (4.7) 0.0 (0.0) 6.8 (6.0) 0.0 (0.0) 3.9 (3.2) 0.2 (0.1) 6.6 (4.6)
GOAL-ONLY 0.1 (0.0) 6.5 (4.3) 0.0 (0.0) 6.8 (5.0) 0.1 (0.1) 5.0 (3.7) 0.2 (0.0) 6.9 (4.4)
INSTR-ONLY 2.3 (1.1) 9.4 (6.1) 0.0 (0.0) 7.0 (4.9) 2.7 (1.4) 8.2 (5.5) 0.5 (0.2) 7.2 (4.6)
SEQ2SEQ 2.4 (1.1) 9.4 (5.7) 0.1 (0.0) 6.8 (4.7) 2.1 (1.0) 7.4 (4.7) 0.5 (0.2) 7.1 (4.5)
+ PROGRESS-ONLY 2.1 (1.1) 8.7 (5.6) 0.0 (0.0) 6.9 (5.0) 3.0 (1.7) 8.0 (5.5) 0.3 (0.1) 7.3 (4.5)
+ SUBGOAL-ONLY 2.1 (1.2) 9.6 (5.5) 0.0 (0.0) 6.6 (4.6) 3.8 (1.7) 8.9 (5.6) 0.5 (0.2) 7.1 (4.5)
+ Both 3.7 (2.1) 10.0 (7.0) 0.0 (0.0) 6.9 (5.1) 4.0 (2.0) 9.4 (6.3) 0.4 (0.1) 7.0 (4.3)
HUMAN - - - - - - 91.0 (85.8) 94.5 (87.6)

TABLE 2.3: Task and Goal-Condition Success. For each metric, the corresponding path weighted
metrics are given in parentheses. The highest values per fold and metric are shown in blue. All values
are percentages.

top. These limitations encourage efficiency and reliability. We assess the overall and partial
success of models’ task executions across episodes.

2.5.1 Evaluation Metrics

ALFRED allows us to evaluate both full task and task goal-condition completion. In navigation-
only tasks, one can only measure how far the agent is from the goal. In ALFRED, we can also
evaluate whether task goal-conditions have been completed, for example that a potato has been
sliced. For all of our experiments, we report both Task Success and Goal-Condition Success.
Each Goal-Condition relies on multiple instructions, for example navigating to an object and
then slicing it.

Task Success. Each expert demonstration is parameterized by a task to be performed, as il-
lustrated in Figure 2.2. Task Success is defined as 1 if the object positions and state changes
correspond correctly to the task goal-conditions at the end of the action sequence, and 0 oth-
erwise. Consider the task: “put a hot potato slice on the counter”. The agent succeeds if, at the
end of the episode, any potato slice object has changed to the heated state and is resting on any
counter top surface.

Goal-Condition Success. The goal-condition success of a model is the ratio of goal-conditions
completed at the end of an episode to those necessary to have finished a task. For example,
in the previous Heat & Place example, there are four goal-conditions. First, a potato must be
sliced. Second, a potato slice should become heated. Third, a potato slice should come to rest on a
counter top. Fourth, the same potato slice that is heated should be on the counter top. If the agent
slices a potato, then moves a slice to the counter top without heating it, then the goal-condition
success score is 2/4 = 50%. On average, tasks in ALFRED have 2.55 goal conditions. The
final score is calculated as the average goal-condition success of each episode. Task success is
1 only if goal-condition success is 1.
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Path Weighted Metrics. We include a Path Weighted version of both metrics that considers
the length of the expert demonstration [12]. Expert demonstrations found via a PDDL solver
on global information are not guaranteed to be optimal. However, they avoid exploration, use
shortest path navigation, and are generally efficient. The path weighted score ps for metric s is
given as

ps = s × L∗

max(L∗, L̂)
(2.6)

where L̂ is the number of actions the model took in the episode, and L∗ is the number of actions
in the expert demonstration. Intuitively, a model receives half-credit for taking twice as long
as the expert to accomplish a task.

2.5.2 Sub-Goal Evaluation

Completing the entire sequence of actions required to finish a task is challenging. In addition
to assessing full task success, we study the ability of a model to accomplish the next sub-
goal conditioned on the preceding expert sequence. The agent is tested by first forcing it to
follow the expert demonstration to maintain a history of states leading up to the sub-goal,
then requiring it to complete the sub-goal conditioned on the entire language directive and
current visual observation. For the task “put a hot potato slice on the counter” for example, we
can evaluate the sub-goal of navigating to the potato after using the expert demonstration to
navigate to and pick up a knife. The tasks in ALFRED contain on average 7.5 such sub-goals
(results in Table 2.4).

2.6 Analysis

Results from our experiments are presented in Table 2.3. We find that the initial model, with-
out spatial or semantic maps, object segmentations, or explicit object-state tracking, performs
poorly on ALFRED’s long-horizon tasks with high-dimensional state-spaces. The SEQ2SEQ

model achieves ∼8% goal-condition success rate, showing that the agent does learn to par-
tially complete some tasks. This headroom (as compared with humans) motivates further
research into models that can perform the complex vision-and-language planning introduced
by ALFRED. The performance starkly contrasts other vision-and-language datasets focused
on navigation, where sequence-to-sequence with progress monitoring performs well [175].

2.6.1 Random Agent

A random agent is commonly employed as a baseline in vision-and-language tasks. In AL-
FRED, an agent that chooses a uniform random action and generates a uniform random inter-
action mask at each timestep achieves 0% on all folds, even without an API failure limit.
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2.6.2 Unimodal Ablations

Previous work established that learned agents without visual inputs, language inputs, or both
performed better than random agents and were competitive with initial baselines for several
navigation and question answering tasks [274]. These performance gaps were due to structural
biases in the datasets or issues with model capacity. We evaluate these ablation baselines (NO

LANGUAGE and NO VISION) to study vision and language bias in ALFRED.
The unimodal ablation performances in Table 2.3 indicate that both vision and language

modalities are necessary to accomplish the tasks in ALFRED. The NO LANGUAGE model
finishes some goal-conditions by interacting with familiar objects seen during training. The
NO VISION model similarly finishes some goal-conditions by following low-level language
instructions for navigation and memorizing interaction masks for common objects like mi-
crowaves that are centered in the visual frame.

2.6.3 Model Ablations

We additionally ablate the amount of language supervision available to the model, as language
directives are given as both a high-level goal and step-by-step instructions. Providing only
high-level, underspecified goal language (GOAL-ONLY) is insufficient to complete the tasks,
but is enough to complete some goal-conditions. Using just low-level, step-by-step instructions
(INSTR-ONLY performs similarly to using both high- and low-levels. Thus, this simple model
does not seem to exploit the goal instruction to plan out sub-goals for step-by-step execution.

The two progress monitoring signals are marginally helpful, increasing the success rate
from ∼1% to ∼2%. Progress monitoring leads to more efficient task completion, as indicated
by the consistently higher path weighted scores. They may help avoid action repetition and
with the prediction of the Stop action.

The agent takes more steps than the expert in all cases, as indicated by the lower path
weighted scores. Sometimes, this is caused by failing to keep track of state-changes, for ex-
ample heating up an egg in the microwave multiple times. Further, the models also do not
generalize well to unseen scenes, due to the overall visual complexity in ALFRED arising from
new scenes and novel object class instances.

2.6.4 Human evaluation

We obtained a human evaluation of 100 randomly sampled directives from the unseen test fold.
The experiment involved 5 participants who completed 20 tasks each using a keyboard-and-
mouse interface. Before the experiment, the participants were allowed to familiarize them-
selves with AI2-THOR. The action-space and task restrictions were identical to that of the
baseline models. Overall, the participants obtained a high success rate of 91%, while taking
slightly longer than the expert with 86% path-length weighted success rate. This indicates that
the directives in ALFRED are well-aligned with the demonstrations.
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Sub-Goal Ablations - Validation
Model Goto Pickup Put Cool Heat Clean Slice Toggle Avg.

Seen
No Lang 28 22 71 89 87 64 19 90 59
S2S 49 32 80 87 85 82 23 97 67
S2S + PM 51 32 81 88 85 81 25 100 68

Unseen
No Lang 17 9 31 75 86 13 8 4 30
S2S 21 20 51 94 88 21 14 54 45
S2S + PM 22 21 46 92 89 57 12 32 46

TABLE 2.4: Evaluations by path weighted sub-goal success. All values are percentages. The highest
values per fold and task are shown in blue. We note that the NO VISION model achieves less than 2%
on all sub-goals. See supplemental material for more.

2.6.5 Sub-Goal Performance

We also examine performance of the SEQ2SEQ model on individual sub-goals in ALFRED. For
this experiment, we use the expert trajectory to move the agent through the episode up to the
sub-task. Then, the agent begins inference based on the language directive and current visual
frame.

Results from our experiments are presented in Table 2.3. We find that the initial model,
without spatial or semantic maps, object segmentations, or explicit object-state tracking, per-
forms poorly on ALFRED’s long-horizon tasks with high-dimensional state-spaces. The SEQ2SEQ

model achieves ∼8% goal-condition success rate, showing that the agent does learn to partially
complete some tasks. This headroom (as compared with humans) motivates further research
into models that can perform the complex vision-and-language planning introduced by AL-
FRED. The performance starkly contrasts other vision-and-language datasets focused on nav-
igation, where sequence-to-sequence with progress monitoring performs well [175].

2.6.6 Random Agent

A random agent is commonly employed as a baseline in vision-and-language tasks. In AL-
FRED, an agent that chooses a uniform random action and generates a uniform random inter-
action mask at each timestep achieves 0% on all folds, even without an API failure limit.

2.6.7 Unimodal Ablations

Previous work established that learned agents without visual inputs, language inputs, or both
performed better than random agents and were competitive with initial baselines for several
navigation and question answering tasks [274]. These performance gaps were due to structural
biases in the datasets or issues with model capacity. We evaluate these ablation baselines (NO

LANGUAGE and NO VISION) to study vision and language bias in ALFRED.
The unimodal ablation performances in Table 2.3 indicate that both vision and language

modalities are necessary to accomplish the tasks in ALFRED. The NO LANGUAGE model
finishes some goal-conditions by interacting with familiar objects seen during training. The



18

NO VISION model similarly finishes some goal-conditions by following low-level language
instructions for navigation and memorizing interaction masks for common objects like mi-
crowaves that are centered in the visual frame.

2.6.8 Model Ablations

We additionally ablate the amount of language supervision available to the model, as language
directives are given as both a high-level goal and step-by-step instructions. Providing only
high-level, underspecified goal language (GOAL-ONLY) is insufficient to complete the tasks,
but is enough to complete some goal-conditions. Using just low-level, step-by-step instructions
(INSTR-ONLY performs similarly to using both high- and low-levels. Thus, this simple model
does not seem to exploit the goal instruction to plan out sub-goals for step-by-step execution.

The two progress monitoring signals are marginally helpful, increasing the success rate
from ∼1% to ∼2%. Progress monitoring leads to more efficient task completion, as indicated
by the consistently higher path weighted scores. They may help avoid action repetition and
with the prediction of the Stop action.

The agent takes more steps than the expert in all cases, as indicated by the lower path
weighted scores. Sometimes, this is caused by failing to keep track of state-changes, for ex-
ample heating up an egg in the microwave multiple times. Further, the models also do not
generalize well to unseen scenes, due to the overall visual complexity in ALFRED arising from
new scenes and novel object class instances.

2.6.9 Human evaluation

We obtained a human evaluation of 100 randomly sampled directives from the unseen test fold.
The experiment involved 5 participants who completed 20 tasks each using a keyboard-and-
mouse interface. Before the experiment, the participants were allowed to familiarize them-
selves with AI2-THOR. The action-space and task restrictions were identical to that of the
baseline models. Overall, the participants obtained a high success rate of 91%, while taking
slightly longer than the expert with 86% path-length weighted success rate. This indicates that
the directives in ALFRED are well-aligned with the demonstrations.

2.7 Benchmark Progress

Since the introduction of the leaderboard in 2020, the ALFRED benchmark has received 55
submissions. These submissions have come from diverse communities, including computer vi-
sion, natural language processing, robotics, and machine learning. Initially, our SEQ2SEQ mod-
els [252] had zero performance in unseen rooms and strongly overfit to training environments.
Then, MOCA [257] achieved non-zero performance by factorizing perception and action into
separate modules. In parallel, Episodic Transformer [214] scaled up end-to-end learning with
additional synthetic data, which resulted in dramatic improvements in seen rooms but poor
generalization to unseen rooms. In 2021, there was a significant jump in unseen performance
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FIGURE 2.5: Leaderboard Progress. Success rates of agents in unseen rooms since the introduction of
the ALFRED leaderboard in 2020. Our initial baselines [252] had zero-performance and struggled to
achieve anything meaningful at all when put in novel environments. After 3 years and 55 submissions,
the performing agent achieved an unseen success rate of 46%. This is still far from the human baseline
of 91% success.

with the introduction of hierarchical planning – HiTUT [317] broke tasks in to high-level sub-
goals and low-level execution. The same year, HLSM [31] and FiLM [190] built 3D voxel maps
of rooms for persistent spatial representations. Explicit spatial maps were found to be more ef-
fective than end-to-end approaches that relied on past observations (Transformers) or memory
(LSTM/RNN) to implicitly build spatio-temporal persistence. Most recently, the hierarchical
planning component was replaced with Large Language Models (LLMs) in Prompter [117],
where subgoal generation was taught with a few examples without any additional fine-tuning
or training.

These approaches have significantly pushed the performance of agents in both seen and
unseen environments. As of 2023, the best performing agent by Inoue et al. [117] achieved a
seen success rate of 53.2% and an unseen success rate of 45.6%. Surprisingly, end-to-end ap-
proaches that directly map images to actions have struggled to generalize effectively to unseen
environments, primarily because of the long-horizon nature of ALFRED tasks. In fact, most
high-performing agents resort to traditional robotics techniques like hierarchical planning and
building spatial-maps. Nonetheless, the rapid progress has been exciting and insightful for
better understanding the problems in embodied instruction-following.

2.8 Limitations

While ALFRED provides a standardized platform for evaluating instruction-following agents,
its design and setup is not without limitations.
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High-Level Action API. Agents interact through APIs like MoveAhead and PickUp(apple),
where the physical execution of these skills is handled by the simulator. For real-world agents
like robots, it is nontrivial to acquire and execute such skills since real environments are phys-
ically complex and non-deterministic, unlike the AI2-THOR simulator. It might be possible to
integrate ALFRED agents with the latest manipulation frameworks from robotics [141, 129,
251], but it may be that solving low-level control is part of the bigger problem of building
general embodied agents that has to be addressed holistically.

RGB-only Restriction. Following prior benchmarks like Room-to-Room [13], ALFRED only
allows RGB observations as input during evaluation. This RGB-only restriction might be
slightly artificial in that real robots usually have access to other sensors like depth cameras,
LiDAR, compass, and odometry. In fact, all top-ranking agents2 in ALFRED train a separate
depth-estimator with supervised learning to help build persistent spatial representations of
the scene like 3D voxel maps.

Sim-to-Real Transfer. While AI2-THOR provides a rich environment for benchmarking agents,
the visual and physical diversity of scenes is still very far from real-world scenes for effective
sim-to-real transfer. ALFRED agents assume a deterministic and discrete action-space, and
the visual fidelity of AI2-THOR might be insufficient to faithfully emulate noisy camera im-
ages. But given high-performing agents in simulation, it might be possible to replicate their
performance by collecting equivalent amounts of real-world data.

Task Construction. The data generation process described in Section 2.3.1 samples tasks from
a fixed distribution task categories, objects, and receptacles. This somewhat limits the diversity
of tasks in the dataset, and also imposes an implicit structure on the language annotations [65].
But given that the top-ranking submission (46%) is still very far from human performance
(91%), this artificial task distribution might still lead to interesting research directions and so-
lutions.

Goodhart’s Law and Human Performance. As with any benchmark in machine learning,
ALFRED only captures a small fraction of the embodied experience, and is susceptible to
Goodhart’s Law, i.e. when metrics used to evaluate agents become the target, they seize to be
good metrics. Even achieving super-human performance on the benchmark might not directly
translate to real-world performance or usefulness.

2https://leaderboard.allenai.org/alfred/submissions/public

https://leaderboard.allenai.org/alfred/submissions/public
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2.9 Discussion

We introduced ALFRED, a benchmark for learning to map language and egocentric vision to
sequences of actions. ALFRED moves us closer to the community goal of language-driven
robots capable of navigation and interaction in complex indoor environments. The benchmark
poses several challenges including visual semantic navigation, object detection, referring ex-
pression grounding, and action grounding.

Despite these challenges, the community has made significant progress in a span of three
years. Success rates in unseen rooms increased from 0% to 46%. This progress has been
largely enabled by better structural priors like building occupancy maps [31], semantic vision-
models [106], and hierarchical planning [317]. While this progress is encouraging, the last-mile
of embodied intelligence is still bottlenecked by two key challenges: (1) acquiring low-level
skills, and (2) long-horizon reasoning. We will explore learning robust low-level skills in the
next two chapters, and long-horizon planning in the last chapter.
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Chapter 3

Grounding Language in Precise 2D
Actions

To achieve goals in the real-world, language instructions must be ultimately grounded in the
low-level actions of a robot. ALFRED abstracts this problem away with a high-level interface,
such as PickUp(apple), which assumes providing a mask of the apple along with a sym-
bolic action like PickUp is sufficient for physically grasping the object. But how should the
robot acquire physical skills like PickUp? In human children, language acquisition and mo-
tor skills develop in tandem, and some evidence suggests that these abilities even influence
each other [118, 162]. However, today’s robots are far behind in exhibiting such human-level
manipulation skills.

Recent works in robotic manipulation have shown that end-to-end networks can learn dex-
terous skills that require precise spatial reasoning. However, these methods fail to generalize
to new goals or transfer concepts across tasks like humans. In parallel, there has been great
progress in learning generalizable semantic representations for vision and language by train-
ing on large-scale internet data. But these representations lack the spatial understanding for
fine-grained manipulation.

In this chapter, we propose a solution that combines the best of both worlds: a two-stream
architecture with semantic and spatial pathways for vision-based manipulation. Specifically,
we present CLIPort, a language-conditioned imitation-learning agent that combines the broad
semantics (what) of CLIP [224] with the spatial precision (where) of Transporter [311]. Our end-
to-end framework is capable of solving a variety of language-specified tabletop tasks from
packing unseen objects to folding cloths, all without any explicit representations of object
poses, instance segmentations, memory, symbolic states, or syntactic structures. Experiments
in simulated and real-world settings show that our proposed solution is data efficient in few-
shot settings and generalizes effectively to both seen and unseen semantic concepts. We even
learn one multi-task policy for 10 simulated and 9 real-world tasks that is better or comparable
to single-task policies.

This chapter was previously published as Shridhar et al. [250]. Lucas Manuelli contributed
to some sections presented here. The code, datasets, and pre-trained models are available at
cliport.github.io.

https://cliport.github.io/


23

“align the rope from back 
right corner to back left corner”

“pack the yoshi �gure 
in the brown box”

“pack all the blue and black sneaker 
objects in the brown box”

“put the brown block 
on the blue and red blocks”

“push the pile of purple blocks 
into the green square”

“move the red ring 
to the middle of the stand”

“pack the hexagon 
in the brown box”

“put the gray letter E in the 
left letter E shape hole”

“put the blue blocks 
in a green bowl”

“pack all the yellow and blue 
blocks in the brown box”

“pick all the cherries
and put them in the box”

“pack the scissors 
in the brown box”

“move the rook 
one block forward”

“fold the cloth 
in half”

“sweep the beans 
into the blue zone”

(a)

(f )

(l) (m) (n) (o)

(g) (h) (i) (j)

(b) (c) (d) (e)

(k)

FIGURE 3.1: Language-Conditioned Manipulation Tasks. CLIPort is a broad framework applicable to
a wide range of language-conditioned manipulation tasks in tabletop settings. We conduct large-scale
experiments in Ravens [311] on 10 simulated tasks (a-j) with 1000s of unique instances per task. See
Table 3.1 for challenges pertaining to each task. CLIPort can even learn one multi-task model for all 10
tasks that achieves better or comparable performance to single-task models. Similarly, we demonstrate
our approach on a Franka Panda manipulator with one multi-task model for 9 real-world tasks (k-o;
only 5 shown) trained with just 179 image-action pairs.

3.1 Overview

Ask a person to “get a scoop of coffee beans” or “fold the cloth in half” and they can natu-
rally take concepts like scoop or fold and ground them in concrete physical actions within an
accuracy of a few centimeters. We humans do this intuitively, without explicit geometric or
kinematic models of coffee beans or cloths. Moreover, we can generalize to a broad range of
tasks and concepts from a minimal set of examples on what needs to be achieved. How can
we imbue robots with this ability to efficiently ground abstract semantic concepts in precise
spatial reasoning?

Recently, a number of end-to-end frameworks have been proposed for vision-based manip-
ulation [311, 6, 140, 141]. While these methods do not use any explicit representations of object
poses, instance segmentations, or symbolic states, they can only replicate demonstrations with
a narrow range of variability and have no notion of the semantics underlying the tasks. Switch-
ing from packing red pens to blue pens involves collecting a new training set [311], or if using
goal-conditioned policies, involves the user providing a goal-image from the scene [141, 243].
In realistic human-robot interaction settings, collecting additional demonstrations or provid-
ing goal-images is often infeasible and unscalable. A natural solution to both these problems
is to condition policies with natural language. Language provides an intuitive interface for



24

specifying goals and also for implicitly transferring concepts across tasks. While language-
grounding for manipulation has been explored in the past [249, 186, 32, 195], these pipelines
are limited by object-centric representations that cannot handle granular or deformable objects
and often do not reason about perception and action in an integrated manner. In parallel, there
has been great progress in learning models for visual representations [47, 105] and aligning
representations of vision and language [171, 49, 264] by training on large-scale internet data.
However, these models lack a fine-grained understanding on how to manipulate objects, i.e.
physical affordances.

To this end, we propose the first framework that combines the best of both worlds: end-to-
end learning for fine-grained manipulation with the multi-goal and multi-task generalization
capabilities of vision-language grounding systems. We introduce a two-stream architecture for
manipulation with semantic and spatial pathways broadly inspired by (or vaguely analogous
to) the two-stream hypothesis in cognitive psychology [116, 169, 68]. Specifically, we present
CLIPort, a language-conditioned imitation-learning agent that integrates the semantic under-
standing (what) of CLIP [224] with the spatial precision (where) of Transporter [311]. Trans-
porter has been applied to a wide range of rearragement tasks from industrial packing [311] to
manipulating deformable objects [243]. The key insight of the approach is formulating table-
top manipulation as a series of pick-and-place affordance predictions, where the objective is
to detect actions rather than detect objects and then learn a policy. This action-centric approach
to perception [89] is data efficient and effective at circumventing the need for explicit “object-
ness” in learnt representations. However, Transporter is a tabula rasa system that learns all
visual representations from scratch and so every new goal or task requires collecting a new set
of demonstrations. To address this problem, we bake in a strong semantic prior while learning
policies. We condition our semantic stream with visual and language-goal features from a pre-
trained CLIP model [224]. Since CLIP is pre-trained to align image and language features from
millions of image-caption pairs from the internet, it provides a powerful prior for grounding
semantic concepts that are common across tasks like categories, parts, shapes, colors, texts,
and other visual attributes, all without a top-down pipeline that requires bounding boxes or
instance segmentations [171, 49, 264, 142]. This allows us to formulate tabletop rearrangement
as a series of language-conditioned affordance predictions, a predominantly vision-based in-
ference problem, and thus benefit from the strengths of data-driven paradigms like scale and
generalization.

To study these benefits, we conduct large-scale experiments in the Ravens [311] framework
with a simulated suction-gripper robot. We propose 10 language-conditioned tasks with 1000s
of unique instances per task that require both semantic and spatial reasoning (see Figure 3.1
a-j). CLIPort is not only effective at solving these tasks, but surprisingly, it can even learn a
multi-task model for all 10 tasks that achieves better or comparable performance to single-task
models. Further, our evaluations indicate that our multi-task model can effectively transfer
attributes like “pink block” across tasks, having never seen pink blocks or the word ‘pink’
in the context of the evaluation task. We also demonstrate our approach on a Franka Panda
manipulator with one multi-task model for 9 real-world tasks trained with just 179 image-
action pairs (see Figure 3.1 k-o).
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3.2 Related Work

Vision-based Manipulation. Traditionally, perception for manipulation has centered around
object detectors, segmentors, and pose estimators [106, 292, 322, 316, 67, 294]. These methods
cannot handle deformable objects, granular media, or generalize to unseen objects without
object-specific training data. Alternatively, dense descriptors [83, 82, 263] and keypoint rep-
resentations [181, 152, 166] forgo segmentation and pose representations, but do not reason
about sequential actions and struggle to represent scenes with variable numbers of objects.
On the other hand, end-to-end perception-to-action models can learn precise sequential poli-
cies [311, 140, 243, 310, 260, 290], but these methods have limited understanding of seman-
tic concepts and rely on goal-images to condition policies. In contrast, Yen-Chen et. al [299]
showed that pre-training on semantic tasks like classification and segmentation helps in im-
proving efficiency and generalization of grasping predictions.

Semantic Models. With the advent of large-scale models [281, 69, 71], a number of methods
for learning joint vision and language representations have been proposed [171, 49, 264, 142,
303]. However, these methods are restricted to bounding boxes or instance segmentations,
which make them inapplicable for detecting things like piles of coffee beans or squares on
a chessboard. Alternatively, works in contrastive learning forgo top-down object-detection
and learn continuous representations by pre-training on unlabeled data [47, 105]. Recently,
CLIP [224] applied a similar approach to align vision and language representations by training
on millions of image-caption pairs from the internet.

Language Grounding for Robotics. Several works have proposed systems for instructing
robots with natural language [249, 186, 32, 195, 28, 277, 101, 50, 29, 219, 271]. However, these
methods use disentangled pipelines for perception and action with the language primarily be-
ing used to guide the perception. As such, these pipelines lack the spatial precision necessary
for tasks like folding cloths. Recently, Lynch et. al [174] proposed an end-to-end system for
grounding language in continuous control, but it requires several hours of human teleopera-
tion data for a single simulated desk setting.

Two-Stream Architectures are prevalent in action-recognition networks [256, 78, 77] and audio-
recognition systems [143, 293]. In robotics, Zeng et. al [313] and Jang et. al [130] have proposed
two-stream pipelines for affordance predictions of novel objects. The former requires goal-
images and the latter is restricted to one-step grasps with single-category goals. In contrast,
our framework provides a rich and intuitive interface with composable language commands
for sequential tasks.

3.3 CLIPort

CLIPort is an imitation-learning agent based on four key principles: (1) Manipulation through
a two-step primitive where each action involves a start and final end-effector pose. (2) Visual
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FIGURE 3.2: CLIPort Two-Stream Architecture. An overview of the semantic and spatial streams. The
semantic stream uses a frozen CLIP ResNet50 [224] to encode RGB input, and its decoder layers are
conditioned with tiled language features from the CLIP sentence encoder. The spatial stream encodes
RGB-D input, and its decoder layers are laterally fused with the semantic stream. The final output is a
map of dense pixelwise features that is used for pick or place affordance predictions. This same two-
stream architecture is used in all 3 Fully-Convolutional-Networks fpick, Φquery, and Φkey with fpick is
used to predict pick actions, and Φquery and Φkey are used to predict place actions.

representations of actions that are equivariant to translations and rotations [149, 55]. (3) Two
separate pathways for semantic and spatial information. (4) Language-conditioned policies
for specifying goals and also transferring concepts across tasks. Combining (1) and (2) from
Transporter with (3) and (4) allows us to achieve generalizable policies that go beyond just
imitating demonstrations.

Section 3.3.1 describes the problem formulation, gives an overview of Transporter [311],
and presents our language-conditioned model. Section 3.3.2 provides details on the training
approach.

3.3.1 Language-Conditioned Manipulation

We consider the problem of learning a goal-conditioned policy π that outputs actions at given
input γt = (ot, lt) consisting of a visual observation ot and an English language instruction lt:

π(γt) = π(ot, lt) → at = (Tpick, Tplace) ∈ A (3.1)

The actions a = (Tpick, Tplace) specify the end-effector pose for picking and placing, respec-
tively. We consider tabletop tasks where Tpick, Tplace ∈ SE(2). The visual observation ot is a
top-down orthographic RGB-D reconstruction of the scene where each pixel corresponds to
a point in 3D space. The language instruction lt either specifies step-by-step instructions e.g.
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“pack the scissors” → “pack the purple tape” → etc., or a single goal description for the whole task
e.g “pack all the blue and yellow boxes in the brown box”. See Figure 3.6 for specific examples.

We assume access to a dataset D = {ζ1, ζ2, . . . , ζn} of n expert demonstrations with associ-
ated discrete-time input-action pairs ζi = {(o1, l1, a1), (o2, l2, a2), . . .} where at = (Tpick, Tplace)

corresponds to expert pick-and-place coordinates at timestep t. These expert demonstrations
are used to supervise the policy π.

Transporter for Pick-and-Place. The policy π is trained with Transporter [311] to perform
spatial manipulation. The model first (i) attends to a local region to decide where to pick, then
(ii) computes a placement location by finding the best match through cross-correlation of deep
visual features.

Following Transporter [311, 243], the policy π is composed of two action-value modules
(Q-functions): The pick module Qpick decides where to pick, and conditioned on this pick
action the place module Qplace decides where to place. These modules are implemented as
Fully-Convolutional-Networks (FCNs) that are translationally equivariant by design. As we
will describe in more detail below, we extend these networks to two-stream architectures that
can handle language input. The pick FCN fpick takes input γt = (ot, lt) and outputs a dense
pixelwise prediction Qpick ∈ RH×W of action-values, where are used to predict the pick action
Tpick:

Tpick = argmax
(u,v)

Qpick((u, v)|γt) (3.2)

Since ot is an orthographic heightmap, each pixel location (u, v) can be mapped to a 3D pick-
ing location using the known camera calibration. fpick is trained in a supervised manner to
predict the pick action Tpick that imitates the expert demonstration with the specified language
instruction at timestep t.

The second FCN Φquery takes in γt[Tpick], which is a c × c crop of ot centered at Tpick along
with the language instruction lt, and outputs a query feature embedding of shape Rc×c×d. The
third FCN Φkey consumes the full input γt and outputs a key feature embedding of shape
RH×W×d. The place action-values Qplace are then computed by cross-correlating the query and
key features:

Qplace(∆τ|γt, Tpick) =
(
Φquery(γt[Tpick]) ∗ Φkey(γt)

)
[∆τ] (3.3)

where ∆τ ∈ SE(2) represents a potential placement pose. Since ot is an orthographic heightmap,
rotations in the placement pose ∆τ can be captured by stacking k discrete angle rotations
of the crop before passing it through the query network Φquery. Then for the place action
Tplace = argmax∆τ Qplace(∆τ|γt, Tpick), where the Qplace is trained to imitate the placements
in the expert demonstrations. For all models, we use c = 64, k = 36 and d = 3. As in Trans-
porter [311, 243], our framework can be extended to handle any motion primitive like pushing,
sliding, etc. that can be parameterized by two end-effector poses at each timestep. For more
details, we refer the reader to the original paper [311].

Two-Stream Architecture. In CLIPort, we extend the network architecture of all three FCNs
fpick, Φquery and Φkey from Transporter [311] to allow for language input and reasoning about
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high-level semantic concepts. We extend the FCNs to two-pathways: semantic (ventral) and
spatial (dorsal). The semantic stream is conditioned with language features at the bottleneck
and fused with intermediate features from the spatial stream. See Figure 3.2 for an overview
of the architecture.

The spatial stream is identical to the ResNet architecture in Transporter – a tabula rasa net-
work that takes in RGB-D input ot and outputs dense features through an hourglass encoder-
decoder model. The semantic stream uses a frozen pre-trained CLIP ResNet50 [224] to encode
the RGB input1 õt up until the penultimate layer õt → v(0)

t : R7×7×2048, and then introduces
decoding layers that upsample the feature tensors to mimic the spatial stream v(l−1)

t → v(l)
t :

Rh×w×C at each layer l.
The language instruction lt is encoded with CLIP’s Transformer-based sentence encoder to

produce a goal encoding lt → gt : R1024. This goal encoding gt is downsampled with fully-
connected layers to match the channel dimension C and tiled to match the spatial dimensions
of the decoder features such that gt → g(l)

t : Rh×w×C. The decoder features are then con-
ditioned with the tiled goal features through an element-wise product v(l)

t ⊙ g(l)
t (Hadamard

product). Since CLIP was trained with contrastive loss on the dot-product alignment between
pooled image features and language encodings, the element-wise product allows us to use
this alignment while the tiling preserves the spatial dimensions of the visual features. This
language conditioning is repeated for three subsequent layers after the bottleneck inspired by
LingUNet [191]. We also add skip connections to these layers from the CLIP ResNet50 en-
coder to utilize different levels of semantic information from shapes to parts to object-level
concepts [90]. Finally, following existing two-stream architectures in video-action recogni-
tion [77], we add lateral connections from the spatial stream to the semantic stream. These
connections involve concatenating two feature tensors and applying 1 × 1 conv to reduce the
channel dimension [v(l)

t ⊙ g(l)
t ; d(l)

t ] : Rh×w×Cv+Cd → Rh×w×Cv , where v(l)
t and d(l)

t are the
semantic and spatial tensors at layer l, respectively. For the final fusion of dense features,
addition for fpick and 1 × 1 conv fusion for Φquery and Φkey worked the best empirically. See
Appendix B.4 for details on the exact architecture.

3.3.2 Implementation Details

Training from demonstrations. Similar to Transporter [311] we train CLIPort through imita-
tion learning from a set of expert demonstrations D = {ζ1, ζ2, . . . , ζn} consisting of discrete-
time input-action pairs ζi = {(o1, l1, a1), (o2, l2, a2), . . .}. During training, we randomly sam-
ple an input-action pair from the dataset and supervise the model end-to-end with one-hot
pixel encodings of demonstration actions Ypick : RH×W×k and Yplace : RH×W×k with k dis-
crete rotations. In simulated experiments with the suction-gripper, we use k = 1 for pick
actions and k = 36 for place actions. The model is trained with cross-entropy loss like a clas-
sifier: L = −EYpick [logVpick] − EYplace [logVplace] where Vpick = softmax(Qpick((u, v)|γt)) and
Vplace = softmax(Qplace((u′, v′, ω′)|γt, Tpick)). Compared to the original Transporter models

1We cannot use depth information with CLIP since it was trained with RGB-only image-caption pairs from the
internet.
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precise multimodal multi-step unseen unseen unseen language
Task placing placing sequencing poses colors objects instruction

put-blocks-in-bowls-seen-colors∗ ✗ ✓ ✗ ✓ ✗ ✗ goal
put-blocks-in-bowls-unseen-colors∗ ✗ ✓ ✗ ✓ ✓ ✗ goal
assembling-kits-seq-seen-colors ✓ ✓ ✓ ✓ ✗ ✓ step
assembling-kits-seq-unseen-colors ✓ ✓ ✓ ✓ ✓ ✓ step
packing-unseen-shapes ✗ ✓ ✗ ✓ ✓ ✓ goal
stack-block-pyramid-seq-seen-colors ✓ ✓ ✓ ✓ ✗ ✗ step
stack-block-pyramid-seq-unseen-colors ✓ ✓ ✓ ✓ ✓ ✗ step
towers-of-hanoi-seq-seen-colors ✓ ✓ ✓ ✓ ✗ ✗ step
towers-of-hanoi-seq-unseen-colors ✓ ✓ ✓ ✓ ✓ ✗ step

packing-box-pairs-seen-colors∗§ ✓ ✓ ✓ ✓ ✗ ✓ goal
packing-box-pairs-unseen-colors∗§ ✓ ✓ ✓ ✓ ✓ ✓ goal
packing-seen-google-objects-seq§ ✗ ✓ ✓ ✓ ✗ ✗ step
packing-unseen-google-objects-seq§ ✗ ✓ ✓ ✓ ✓ ✓ step
packing-seen-google-objects-group∗§ ✗ ✓ ✗ ✓ ✗ ✗ goal
packing-unseen-google-objects-group∗§ ✗ ✓ ✗ ✓ ✓ ✓ goal

align-rope∗† ✓ ✓ ✓ ✓ ✗ ✗ goal
separating-piles-seen-colors∗† ✓ ✓ ✓ ✓ ✗ ✗ goal
separating-piles-unseen-colors∗† ✓ ✓ ✓ ✓ ✓ ✗ goal

§tasks that are commonly found in industry.
∗tasks that have more than one correct sequence of actions.

†tasks that require manipulating deformable objects and granular media.

TABLE 3.1: Language-conditioned tasks in Ravens [311] with their associated challenges.

that were trained for 40K iterations, we train our models for 200K iterations (with data aug-
mentation; see Appendix B.5) to account for additional semantic variation in tasks – random-
ized colors, shapes, objects. All models are trained on a single commodity GPU for 2 days with
a batch size of 1.

Training multi-task models. Multi-task training is nearly identical to single-task training ex-
cept for the sampling of training data. First, we randomly sample a task, and then select a ran-
dom input-action pair from that task in the dataset. Using this strategy, all tasks are equally
likely to be sampled but longer horizon tasks are less likely to reach full coverage of input-
action pairs available in the dataset. To compensate for this, we train all multi-task models 3×
longer for 600K iterations or 6 GPU days.

3.4 Results

We perform experiments both in simulation and hardware aimed at answering the follow-
ing questions: 1) How effective is the language-conditioned two-stream architecture for fine-
grained manipulation compared to one-stream alternatives and other simpler baselines? 2) Is
it possible to train a multi-task model for all tasks, and how well does it perform and gen-
eralize? 3) How well do these models generalize to seen and unseen semantic attributes like
colors, shapes, and object categories?
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3.4.1 Simulation Setup

Environment. All simulated experiments are based on a Universal Robot UR5e with a suc-
tion gripper. The setup provides a systematic and reproducible environment for evaluation,
especially for benchmarking the ability to ground semantic concepts like colors and object cate-
gories. The input observation is a top-down RGB-D reconstruction from 3 cameras positioned
around a rectangular table: one in the front, one on the left shoulder, and one on the right
shoulder, all pointing towards the center. Each camera has a resolution of 640 × 480 and is
noiseless.

Language-Conditioned Manipulation Tasks. We extend the Ravens benchmark [311] set in
PyBullet [58] with 10 language-conditioned manipulation tasks. See Figure 3.1 for examples
and Table 3.1 for challenges associated with each task. Each task instance is constructed
by sampling a set of objects and attributes: poses, colors, sizes, and object categories. 8
of the 10 tasks have two variants, denoted by seen and unseen, depending on whether the
task has unseen attributes (e.g. color) at test time. For colors, there are 3 seen Tseen colors =

{yellow, brown, gray, cyan} and 3 unseen Tunseen colors = {orange, purple, pink, white}
with 3 overlapping colors Tall = {red, green, blue} used in both the seen and unseen spilts.
For packing objects, we use 56 tabletop objects from the Google Scanned Objects dataset [73]
and split them into 37 seen and 19 unseen objects. Figure 3.4 presents the full list of at-
tributes, shapes, and objects across seen and unseen splits. The instructions are constructed
from templates for simulated experiments, and human-annotated for real experiments. see
Appendix B.1 for additional details.

Evaluation Metric. We adopt the 0 (fail) to 100 (success) scores proposed in the Ravens bench-
mark [311]. The score assigns partial credit based on the task, e.g. 3/5 ⇒ 60.0 for packing
3 out of 5 objects specified in the instructions, or 30/56 ⇒ 53.6 for pushing 30 out of 56 par-
ticles into the correct zone. See Appendix B.1 for the specific evaluation metric used in each
task. During an evaluation episode, an agent keeps interacting with the scene until an oracle
indicates task-completion. We report scores on 100 evaluation runs for agents trained with
n = 1, 10, 100, 1000 demonstrations.

3.4.2 Simulation Results
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FIGURE 3.3: Average scores across seen and unseen splits for
all tasks in Table 3.2.

Table 3.2 presents results from our
large-scale experiments in Ravens
and Figure 3.3 summarizes these
results with average scores across
seen and unseen splits.
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FIGURE 3.4: Attributes and Objects. Attributes and objects across seen and unseen splits. Shapes ob-
jects are from Transporter [311]. Other tabletop objects are from the Google Scanned Objects dataset [73]

Baseline Methods. To study the effectiveness of our two-stream architecture, we broadly com-
pare against two baselines: Transporter-only and CLIP-only. Transporter-only is the original
Transporter [311], or equivalently, the spatial stream of CLIPort with RGB-D input. Although
Transporter-only does not receive any language goals, it shows what can be achieved through
chance by exploiting the most likely actions seen during training. On the other hand, CLIP-
only is just the semantic stream of CLIPort with RGB and language input. CLIP-only shows
what can be achieved by fine-tuning a pre-trained semantic model for manipulation without
spatial information, particularly depth.
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Two-Stream Performance. Figure 3.3 (seen) captures the essence of our main claims. The per-
formance of Transporter-only saturates at 50% since it doesn’t use the language instruction to
ground the desired goal. CLIP-only does have a goal, but lacks the spatial precision to go the
last mile and thus saturates at 76%. Only CLIPort (single) achieves more than 90%, which
indicates that both the semantic and spatial streams are crucial for fine-grained manipulation.
Further, CLIPort (single) achieves 86% on most tasks with just 100 demonstrations, showcas-
ing its efficiency.

In addition to these baselines, we present various ablations and alternative one-stream and
two-stream models in Section 3.4.3. To briefly summarize these results, CLIP is essential for
few-shot learning (i.e. n ≥ 10) in lieu of semantic stream alternatives like ImageNet-trained
ResNet50 [161] with BERT [69]. Image-goal models outperform CLIPort (single) in packing
Google objects, but this is only because they do not have to solve the language-grounding
problem.

Multi-Task Performance. In realistic scenarios, we want the robot to be capable of any task,
not just one task. We investigate this through CLIPort (multi) in Table 3.2 with one multi-
task model trained on all 10 tasks. CLIPort (multi) models are trained only on seen-splits of
tasks, so an unseen attribute like ‘pink’ is consistent throughout single and multi-task settings.
Surprisingly, CLIPort (multi) outperforms single-task CLIPort (single) models in 41/72 =

57% of the evaluations in Table 3.2. This trend is also evident in Figure 3.3 (seen), especially
in instances with 100 demonstrations or less. Although CLIPort (multi) is trained on more
diverse data from other tasks, both CLIPort (multi) and CLIPort (single) have access to the
same amount of data per task. This supports our premise that language is a strong conditioning
mechanism for reusing concepts from other tasks without learning them from scratch. It also
validates a trait of data-driven approaches where training on lots of diverse data leads to more
robust and generalizable representations [224, 172]. However, CLIPort (multi) performs worse
on longer-horizon tasks like align-rope. We hypothesize that this is because longer-horizon
tasks get less coverage of input-action pairs in the dataset. Future works could use better
sampling methods that balance tasks according to their average time horizon.

Generalizing to Unseen Attributes. Tasks that require generalizing to novel colors, shapes,
and objects are more difficult and all our agents achieve relatively lower performance on these
tasks, as shown in Figure 3.3 (unseen). However, CLIPort (single) models do substantially
better than chance, i.e., Transporter-only. The lower performances are due to the difficulty
of grounding unseen attributes such as ‘pink’ and ‘orange’ in the language instruction “put
the pink block on the orange bowl”, when the agent has never encountered words ‘orange’,
‘pink’ or their corresponding visual characteristics in the context of the physical environment.
Although pre-trained CLIP has been exposed to the attribute ‘pink’, it could correspond to dif-
ferent concepts in the physical setting depending on factors like lighting condition, and thus
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packing-box-pairs
seen-colors

packing-box-pairs
unseen-colors

packing-seen-google
objects-seq

packing-unseen-google
objects-seq

packing-seen-google
objects-group

packing-unseen-google
objects-group

Method 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000

Transporter-only [311] 44.2 55.2 54.2 52.4 34.6 48.7 47.2 54.1 26.2 39.7 45.4 46.3 19.9 29.8 28.7 37.3 60.0 54.3 61.5 59.9 46.2 54.7 49.8 52.0
CLIP-only 38.6 69.7 88.5 87.1 33.0 65.5 68.8 61.2 29.1 67.9 89.3 95.8 37.1 49.4 60.4 57.8 52.5 62.0 89.6 92.7 43.4 65.9 73.1 70.0
RN50-BERT 36.2 64.0 94.7 90.3 31.4 52.7 65.6 72.1 32.9 48.4 87.9 94.0 29.3 48.5 48.3 56.1 46.4 52.9 76.5 86.4 43.2 52.0 66.3 73.7
CLIPort (single) 51.6 82.9 92.7 98.2 45.6 65.3 68.6 71.5 14.8 59.5 86.8 96.2 27.2 50.0 65.5 71.9 52.7 67.0 84.1 94.0 61.5 66.2 78.4 81.5
CLIPort (multi) 66.8 88.6 94.1 96.6 59.0 69.7 76.2 71.4 41.6 78.4 85.0 84.4 40.7 51.1 65.8 70.3 71.3 84.6 89.6 88.3 68.4 69.6 78.4 80.3
CLIPort (multi-attr) – – – – 46.2 72.0 86.2 80.3 – – – – 35.4 45.1 78.9 87.4 – – – – 48.6 69.3 84.8 89.1

stack-block-pyramid
seq-seen-colors

stack-block-pyramid
seq-unseen-colors

separating-piles
seen-colors

separating-piles
unseen-colors

towers-of-hanoi
seq-seen-colors

towers-of-hanoi
seq-unseen-colors

1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000

Transporter-only [311] 4.5 2.3 5.2 4.5 3.0 4.0 2.3 5.8 42.7 52.3 42.0 48.4 41.2 49.2 44.7 52.3 25.4 67.9 98.0 99.9 24.3 44.6 71.7 80.7
CLIP-only 6.3 28.7 55.7 54.8 2.0 12.2 18.3 19.5 43.5 55.0 84.9 90.2 59.9 49.6 73.0 71.0 9.4 52.6 88.6 45.3 24.7 47.0 67.0 58.0
RN50-BERT 5.3 35.0 89.0 97.5 6.2 12.2 21.5 30.7 31.8 47.8 46.5 46.5 33.4 44.4 41.3 44.9 28.0 66.1 91.3 92.1 17.4 75.1 85.3 89.3
CLIPort (single) 28.3 64.7 93.3 98.8 13.7 24.3 31.2 41.3 54.5 59.5 93.1 98.0 47.2 51.0 76.6 75.2 59.4 92.9 97.4 100 56.1 89.7 95.9 99.4
CLIPort (multi) 33.5 75.3 96.8 96.5 23.3 26.8 31.7 22.2 48.9 72.4 90.3 89.0 56.6 62.6 64.9 62.8 61.6 96.3 98.7 98.1 60.1 65.6 76.7 68.7
CLIPort (multi-attr) – – – – 15.5 51.5 59.3 79.8 – – – – 49.9 51.8 48.2 59.8 – – – – 56.7 78.0 88.3 96.9

align-rope packing-unseen-shapes assembling-kits-seq
seen-colors

assembling-kits-seq
unseen-colors

put-blocks-in-bowls
seen-colors

put-blocks-in-bowls
unseen-colors

1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000

Transporter-only [311] 6.9 30.6 33.1 51.5 16.0 20.0 22.0 22.0 5.8 11.6 28.6 29.6 7.8 17.6 25.6 28.4 16.8 33.3 62.7 64.7 11.7 17.2 14.8 18.7
CLIP-only 13.4 48.7 70.4 70.7 13.0 28.0 44.0 50.0 0.8 9.2 19.8 23.0 2.0 4.6 10.8 19.8 23.5 60.2 93.5 97.7 11.2 34.2 33.2 44.5
RN50-BERT 3.1 25.0 63.8 57.1 19.0 25.0 32.0 44.0 2.2 5.6 11.6 21.8 1.6 6.4 10.4 18.4 13.8 44.5 81.2 91.8 16.2 23.0 30.3 23.8
CLIPort (single) 20.1 77.4 85.6 95.4 21.0 26.0 40.0 37.0 12.2 17.8 47.0 66.6 16.2 18.0 35.4 34.8 23.5 68.3 92.5 100 18.0 35.3 37.3 25.0
CLIPort (multi) 19.6 49.3 82.4 74.9 25.0 35.0 37.0 31.0 11.4 34.8 46.2 52.4 7.8 21.6 29.0 25.4 54.0 90.2 99.5 100 32.0 48.8 55.3 45.8
CLIPort (multi-attr) – – – – – – – – – – – – 7.6 10.4 43.8 34.6 – – – – 23.0 41.8 66.5 75.7

TABLE 3.2: Language-Conditioned Test Results. Task success scores (mean %) from 100 evaluation
instances vs. # of training demonstrations (1, 10, 100, or 1000). The challenges pertaining to each task are
described in Appendix B.1. CLIPort (single) models are trained on seen splits, and evaluated on both
seen and unseen splits. CLIPort (multi) models are trained on seen splits of all 10 tasks with 1T, 10T,
100T, and 1000T demonstrations where T = 10. CLIPort (multi-attr) indicate CLIPort (multi) models
trained on seen-and-unseen splits from all tasks except for that one particular heldout task, for which it
is trained only the seen split. See Figure 3.3 for an overview with average scores.

requires at least few examples to condition the trainable semantic decoder layers. Addition-
ally, we notice that CLIPort (single) is also less prone to overfitting compared to Transporter-
only. As evidenced in towers-of-hanoi-seq-unseen-colors task in Table 3.2, Transporter-only suf-
fers from a performance drop because of rings with unseen colors despite the fact that Tower
of Hanoi can be solved without attending to the colors and simply focusing on the ring size.
We hypothesize that since CLIP was trained on diverse internet data, it enables our agent to
focus on task-relevant concepts while ignoring irrelevant aspects of the task.

Transferring Attributes across Tasks. One solution for dealing with unseen attributes is to
explicitly learn these attributes from other tasks. We study this with CLIPort (multi-attr) in Ta-
ble 3.2 and Figure 3.3 (unseen). For these models, CLIPort (multi) is trained on both seen-and-
unseen splits from all tasks except for the task being evaluated on, for which it was only trained
on the seen split. As such, this evaluation measures whether having seen pink blocks in put-
blocks-in-bowl-unseen-colors helps solve “pack all the pink and cyan boxes” in packing-box-pairs-
unseen-colors. Results indicate that such explicit transfers result in significant improvements.
For instance, on the put-blocks-in-bowls-unseen-colors task for n = 1000, CLIPort (multi)’s per-
formance increases from 45.8 to 75.7.
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3.4.3 Model Ablations

Table 3.3 presents various baselines and model ablations from our simulated experiments. The
following is a description of each model:

stack-block-pyramid
seq-seen-colors

stack-block-pyramid
seq-unseen-colors

packing-seen-google
object-seq

packing-unseen-google
object-seq

Method 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000

One-Stream Transporter-only 4.5 2.3 5.2 4.5 3.0 4.0 2.3 5.8 26.2 39.7 45.4 46.3 19.9 29.8 28.7 37.3
One-Stream CLIP-only 6.3 28.7 55.7 54.8 2.0 12.2 18.3 19.5 52.5 62.0 89.6 92.7 43.4 65.9 73.1 70.0
One-Stream Language Tptr 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.1 0.1 0.0 0.0
One-Stream Image-Goal Tptr 1.8 1.3 7.0 6.8 2.5 4.7 4.2 4.8 64.5 67.0 81.8 85.4 47.7 62.8 71.0 83.3

Two-Stream CLIP-Tptr w/o skip 0.0 4.3 3.8 3.3 4.2 5.2 3.2 2.5 22.9 26.1 36.9 38.9 24.4 29.9 33.7 38.3
Two-Stream Untrained-Sem-Tptr 3.0 12.7 61.5 51.2 1.0 6.8 17.2 15.7 28.8 40.5 67.1 79.7 27.2 34.7 33.0 34.8
Two-Stream RN50-BERT-Tptr 5.3 35.0 89.0 97.5 6.2 12.2 21.5 30.7 32.9 48.4 87.9 94.0 29.3 48.5 48.3 56.1
Two-Stream CLIP-Tptr (ours) 28.3 64.7 93.3 98.8 13.7 24.3 31.2 41.3 14.8 59.5 86.8 96.2 27.2 50.0 65.5 71.9

TABLE 3.3: Ablations and Baselines. Evaluation scores (mean %) for stack-block-pyramid-seq and
packing-google-objects-seq tasks from 100 evaluation runs. Stacking block pyramids involves both
semantic and precise spatial reasoning, whereas packing objects mostly involves semantic grounding
without requiring any precise placements.

One-Stream Transporter-only is the original Transporter [311] with RGB-D input, or equivalently,
the spatial stream of CLIPort. For all experiments, we implemented our own version of Trans-
porter in PyTorch and did not use the modeling code provided with the original paper. Our
Transporter models are also trained for 200K iterations instead of 40k iterations.

One-Stream CLIP-only is the semantic stream of CLIPort with RGB and language input.

One-Stream Language Transporter is Transporter [311], but the bottleneck features are condi-
tioned with CLIP language features in a similar fashion to the semantic stream in CLIPort.
This model performs very poorly because the high-level language features corrupt the low-
level spatial features necessary for precise pick-and-place actions.

One-Stream Image-Goal Transporter is a goal-conditioned version of Transporter [243] which re-
ceives a goal-image as input. For sequential tasks with a specific order (indicated with seq
in their name), we provide the goal-image from the next timestep, and for non-sequential
tasks we provide the goal-image from the final timestep. The implementation follows the
goal-conditioned Transporter proposed in [243], except we found that element-wise addition
worked better than element-wise product for combining goal-image features with Qplace fea-
tures.

Two-Stream CLIP-Transporter w/o skips is a variant of the CLIPort model without skip connec-
tions from the CLIP-ResNet encoder to the decoder layers. The results in Table 3.3 show
that these skip connections are particularly important for good performance. We hypothe-
size that utilizing different levels of semantic information from the visual encoder – patterns,
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shapes, parts, objects, and high-level concepts, is crucial for conditioning the semantic stream
decoders.

Two-Stream RN50-BERT-Transporter is the same two-stream architecture as CLIPort, except in-
stead of the CLIP ResNet50, we use a standard ResNet50 [161] pre-trained on ImageNet classi-
fication. And instead of the CLIP sentence encoder, we use a pretrained DistilBERT model [237]
to extract language embeddings. CLIP offers the benefit of multi-modal alignment between
vision and language features while not being restricted to instance segmentation or bounding
box detection pipelines.

Two-Stream Untrained-Sem-Transporter uses an untrained ResNet50 and Transformer language
encoder for the semantic stream. Even without any pre-training, the random features from
the semantic stream somewhat help in conditioning policies. However, the performances are
substantially worse than models with pre-trained multimodal features.

3.4.4 Language Ablations

Scramble Sentences
One-Hot

Scramble Sentences
One-Hot

FIGURE 3.5: Language Ablations: Agents trained with one-
hot goals, scrambled goal sentences, and goal sentences with
scrambled word order.

In addition to the no-language
baselines from Section 3.4.2, we
present additional language abla-
tions that further investigate the
impact of language goals on agent
performance in Figure 3.5. Follow-
ing the model ablations, we evalu-
ate single-task agents trained only
on stack-block-pyramid.

One-Hot receives random strings as goals, but this is done consistently for each goal in the
training dataset. The one-hot encoding allows agents to memorize a specific goal seen during
training. However, since there is no reuse of concepts or commonality in the task specification,
one-hot encodings result in zero-performance with unseen objects and goal compositions.

Scramble Sentences receives scrambled goals that are sampled from across the training dataset.
For instance, “put the red block on the blue block” is consistently swapped with “put the green block
on the yellow block”. Scrambling goal sentences also results in zero-performance on unseen tasks
since the alignment between observations and task specification is missing in the training data.

Scramble Words receives goal sentences with words that are scrambled in a random order. For
instance, “put the red block on the blue block” becomes “block the put on red blue the”. This experi-
ment aims to determine if the agent treats the goal as a bag of words. Surprisingly, scrambled
sentences result in non-zero performances for both seen and unseen tasks. However, these
performances are substantially lower than CLIPort’s, indicating that the order of words does
matter.
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“put the green letter R shape
in the right R shape hole”

“pack the white tape
in the brown box”

“unfold the cloth” “sweep the beans
into the yellow zone”

“pack all the yellow and blue 
blocks into the brown box”
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FIGURE 3.6: Affordance predictions from CLIPort (multi) models in sim (left two) and real settings
(right three). More examples in Appendix B.6.

3.4.5 Real-Robot Experiments
Task # Train (Samples) # Test Succ. %

Stack Blocks 5 (13) 10 70.0
Put in Bowl 5 (10) 10 65.0
Pack Objects 10 (31) 10 60.0
Move Rook 4 (29) 10 70.0
Fold Cloth 9 (9) 10 57.0
Read Text 2 (26) 10 55.0
Loop Rope 4 (12) 10 60.0
Sweep Beans 5 (23) 5 60.6
Pick Cherries 4 (26) 5 75.0

TABLE 3.4: Success rates (%) of a multi-
task model trained an evaluated 9 real-
world tasks (see Figure 3.1). Samples indi-
cate total image-action pairs, e.g 1 in Fig-
ure B.4.

We validated our results in hardware with a Franka
Panda manipulator. See Appendix B.3 for setup de-
tails. Table 4.6 reports success rates for a multi-task
model trained and evaluated on 9 real-world tasks.
Due to COVID restrictions, we could not conduct
large-scale user-studies, so we report on small train
(5-10 demos) and test sets (5-10 runs) per task. Over-
all, CLIPort (multi) is effective at few-shot learning
with just 179 samples, and the performances roughly
correspond to those in simulated experiments, with
simple block manipulation tasks achieving ∼ 70%.
We estimate that for more robust real-world perfor-
mance at least 50 to 100 training demonstrations are necessary, as evident in Figure 3.3. Inter-
estingly, we observed that the model sometimes exploits biases in the training data instead of
learning to ground instructions. For instance, in Put Blocks in Bowl, the training set consisted
of only one datapoint on “yellow blocks” being placed inside a “blue bowl”. This made it dif-
ficult to condition the model to place “yellow blocks” in non-blue bowls. But instances with
just one or two examples where a colored block went to different colored bowls was sufficient
to make the model pay attention to the language. In summary, unbiased datasets contain-
ing both a good coverage of expected skills and invariances, and a decent number of training
demonstrations, are crucial for good real-world performance.

3.5 Limitations and Risks

While CLIPort is highly capable, it is not without issues. In the following sections we discuss
various limitations and risks of using CLIPort for real-world manipulation.
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Balanced Datasets. CLIPort can learn generalizable policies from very few demonstrations,
but it relies heavily on a balanced training dataset with a good converge of expected skills
and invariances. As discussed in Section 3.4.5, the model will exploit any bias, e.g. always
place “yellow blocks” inside ‘blue bowls” if that is the only example of yellow blocks that it’s
provided with. Sometimes these biases can be hard to spot since everything (from perception
to action) is trained end-to-end through demonstrations. During our real-world experiments
we ended up iteratively refining some datasets after finding such biases during execution.

Hand-Eye Calibration and Closed-Loop Control. The execution of policies is sensitive to
the accuracy of the hand-eye calibration. The action-space of CLIPort is 2D pixels with yaw-
rotations. Translating these pixel coordinates to end-effector poses relies on carefully calibrated
extrinsics between the robot’s base frame and the RGB-D camera. Further, while the frame-
work takes closed-loop actions across discrete pick-and-place timesteps, the execution of each
pick and place primitive itself is open-loop. This restricts usage to mostly quasi-static tasks
and leads to issues if objects move while the robot is executing a pick or place primitive. Fu-
ture works could incorporate a separate visuo-servoing mechanism for more robust grasping.

Dexterous Manipulation. Extending CLIPort’s action-space to 6-DOF or N-DOF control for
dexterous non-quasi-static manipulation is non-trivial. The SE(2) action-space is one of the
key factors that make Transporter and CLIPort highly data efficient. Since the actual end-
effector control is abstracted away, the model can easily reason about high-level affordances at
discrete timesteps, but at the price of loosing dexterity. Similarly, extending SE(2) equivariance
to SE(3) equivariance is also non-trivial. Cross-correlating in voxelized 3D spaces might be
expensive and slow.

Grasping Novel Objects. CLIPort has some limited capacity in grasping unseen instances of
objects in one-shot or few-shot settings. While CLIP is a pure vision-language model with no
understanding of affordances, actions, or physical properties, in CLIPort we fine-tune CLIP’s
visual representations in the semantic decoder layers to produce visual affordance predictions
– like grasping pliers by the handle. We illustrate this in Figure 3.7 with an example of one-
shot learning. Despite having seen just a single training example with pliers, CLIPort is able
to correctly grasp the handles of 2/3 unseen pliers of different shapes, sizes, and colors. The
model fails in Test 3 where the instance is significantly outside the training distribution. But
even so, the model is able to correctly localize the pliers among the distractor objects, and with
a few more training examples it might be able to correctly grasp the instance. In contrast,
RN50-BERT struggles to identify pliers with just a single example since pliers are not part of
the 1000 ImageNet classes [66]. Further, without the appropriate language goal to condition
the policy, e.g. when provided with a nonsensical object name like “dax”, the model falls back
to the most familiar object seen during training.

Grounding Complex Object Relationships. In general, CLIPort struggles with complex object-
relationships that require reasoning about several objects. The model performs poorly on
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assembling-kits-seq tasks that involve grounding spatial relationships like “middle” with un-
seen shapes and language. The model’s capacity to infer these relationships purely from dense
global features might be limited. Also, CLIPort cannot count objects since it does not main-
tain a history or belief across timesteps, thus limiting instructions to ‘any’ or ‘all’ quantifiers.
Future works could explore neuro-symbolic [183] or attention-based [70] methods for better
generalization to novel object-relationships.

Scope of Language Grounding. CLIPort’s understanding of verb-noun phrases is tightly
grounded in the demonstrations and tasks seen during training. For instance, an user could
have used “sort out all the Mars bars from the pile and put them in the yellow bin” while
demonstrating a task. Here the model only understands ‘sort’ in the context of separating
something from the pile and putting it in a bin, and not in the most generic sense that is
applicable in any context, like sorting numbered blocks in descending order.

Task Completion. CLIPort relies on an expert to indicate task-completion. For real-world
tasks, this means the model keeps taking actions until an user stops the execution. Future
works can address this issue by training a success classifier [311] to predict task completion
from RGB-D observations.

Risks from Pre-Trained Models. CLIP was trained with massive amounts of “in-the-wild”
image-caption pairs from the internet. This makes it prone to unchecked biases and asso-
ciations [90, 24] that can be harmful to certain individuals and communities. The end-to-
end framework is also vulnerable to adversarial attacks [90] that try to maliciously affect the
model’s behavior. These issues are further exacerbated by the fact that we use CLIP’s represen-
tations to take actions with a physical robot. For safe deployment in the real-world, keeping
humans in the loop – both during the training phase and while instructing the robot, might
help in mitigating some of these issues and potential risks.

3.6 Discussion

We introduced CLIPort, an end-to-end framework for language-conditioned fine-grained ma-
nipulation. Our experiments, specifically with multi-task models, indicate that data-driven
approaches to generalization have yet to be fully-exploited in robotics. Coupled with the right
action abstraction and spatio-semantic priors, end-to-end methods can quickly learn new skills
without requiring top-down pipelines that need task-specific engineering.

While CLIPort is quite capable, it is limited to 2D tabletop tasks. 2D pick-and-place frame-
works are quite robust, and already well established in industry, but real-world manipulation
tasks are rarely confined to tabletop planes. Can we take the key principle of CLIPort, i.e.,
language-conditioned action detection, and extend it to 6-DoF manipulation? This is what we
investigate in the next chapter.
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One Training Example

Test 1 Test 2 Test 3

“put the pliers in the brown box”

“put the pliers in the brown box”

“put the pliers in the brown box” “put the pliers in the brown box” “put the pliers in the brown box”
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“put the dax in the brown box” “put the dax in the brown box” “put the dax in the brown box”
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“put the pliers in the brown box” “put the pliers in the brown box”

Pick 
Success

Pick 
Success

Pick 
Failure

Pick 
Failure

Wrong
Object

Wrong
Object

FIGURE 3.7: One-Shot Learning. Selected examples of grasping pliers with CLIPort, RN50-BERT, and
CLIPort with nonsensical goals.
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Chapter 4

Grounding Language in Precise 3D
Actions

Robots and humans live in 3D environments, not 2D image grids. While CLIPort’s ability to
ground language in precise actions can be scaled-up to thousands of manipulation tasks, it is
limited to 2D pick-and-place settings with an action-space of x, y, θyaw. Real-world manipula-
tion often goes beyond 2D to 6-DoF settings with an action-space of x, y, z, θyaw, ϕpitch, ψroll.

In this chapter, we address this limitation by extending CLIPort’s language-conditioned
action detector to 6-DoF manipulation by utilizing 3D voxel grids (or volumetric pixel grids)
instead of 2D images as the input and output space. In contrast to images, voxel inputs are
much higher dimensional than images, and tasks often involve attending to different parts of
the large input space. Luckily, one recent architecture has been shown to be quite effective in
modeling long-range dependencies: Transformers.

We present PERACT, a Transformer-based agent for language-conditioned behavior cloning.
PERACT encodes language goals and RGB-D voxel observations with a PerceiverIO [120] based
Transformer (an architecture designed for long-range input with limited resource usage), and
outputs discretized actions by “detecting the next best voxel action”. Unlike frameworks that
operate on 2D images, the voxelized 3D observation and action space provides a strong struc-
tural prior for efficiently learning 6-DoF policies. With this formulation, we train a single
multi-task Transformer for 18 RLBench [127] tasks with 249 variations and 7 real-world tasks
with 18 variations from just a few demonstrations per task. Our results show that PERACT sig-
nificantly outperforms unstructured image-to-action agents and 3D ConvNet baselines for a
wide range of tabletop tasks.

This chapter was previously published as Shridhar et al. [251]. The code, data, pre-trained
models, and implementation tutorials are available at peract.github.io.

https://peract.github.io/
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“open the middle drawer”

“screw in the gray lightbulb” “turn the right tap”

“slide the block to pink target” “put the moon in the shape sorter” “place the wine bottle on the 
middle of the rack”

“stack 2 purple blocks”

“sweep dirt 
to the short dustpan”

“put the tomatoes 
in the top bin”

“put the tape 
in the top drawer”

“hit the green ball 
with the stick”

“place the blue whiteboard 
marker in the mug”

“sweep the beans into
the gray dustpan”

“use the stick to drag
the cube onto the rose target”

“take the steak
o� the grill”

(a) (b) (c) (d) (e)

(f )

(k) (l) (m) (n) (o)

(g) (h) (i) (j)

FIGURE 4.1: Language-Conditioned Manipulation Tasks: PERACT is a language-conditioned multi-
task agent capable of imitating a wide range of 6-DoF manipulation tasks. We conduct experiments on
18 simulated tasks in RLBench [127] (a-j; only 10 shown), with several pose and semantic variations.
We also demonstrate our approach with a Franka Panda on 7 real-world tasks (k-o; only 5 shown) with
a multi-task agent trained with just 53 demonstrations.

4.1 Overview

Transformers [281] have become prevalent in natural language processing and computer vi-
sion. By framing problems as sequence modeling tasks, and training on large amounts of
diverse data, Transformers have achieved groundbreaking results in several domains [37, 71,
137, 282]. Even in domains that do not conventionally involve sequence modeling [48, 45],
Transformers have been adopted as a general architecture [228]. But in robotic manipulation,
data is both limited and expensive. Can we still bring the power of Transformers to 6-DoF
manipulation with the right problem formulation?

Language models operate on sequences of tokens [69], and vision transformers operate on
sequences of image patches [71]. While pixel transformers [119, 120] exist, they are not as data
efficient as approaches that use convolutions or patches to exploit the 2D structure of images.
Thus, while Transformers may be domain agnostic, they still require the right problem for-
mulation to be data efficient. A similar efficiency issue is apparent in behavior-cloning (BC)
agents that directly map 2D images to 6-DoF actions. Agents like Gato [228] and BC-Z [129, 5]
have shown impressive multi-task capabilities, but they require several weeks or even months
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of data collection. In contrast, recent works in reinforcement-learning like C2FARM [128] con-
struct a voxelized observation and action space to efficiently learn visual representations of
3D actions with 3D ConvNets. Similarly, in this work, we aim to exploit the 3D structure of
voxel patches for efficient 6-DoF behavior-cloning with Transformers (analogous to how vision
transformers [71] exploit the 2D structure of image patches).

To this end, we present PERACT (short for PERCEIVER-ACTOR), a language-conditioned
BC agent that can learn to imitate a wide variety of 6-DoF manipulation tasks with just a few
demonstrations per task. PERACT encodes a sequence of RGB-D voxel patches and predicts
discretized translations, rotations, and gripper actions that are executed with a motion-planner
in an observe-act loop. PERACT is essentially a classifier trained with supervised learning to
detect actions akin to prior work like CLIPort [250, 311], except our observations and actions
are represented with 3D voxels instead of 2D image pixels. Voxel grids are less prevalent than
images in end-to-end BC approaches often due to scaling issues with high-dimensional inputs.
But in PERACT, we use a Perceiver1 Transformer [119] to encode very high-dimensional input
of up to 1 million voxels with only a small set of latent vectors. This voxel-based formulation
provides a strong structural prior with several benefits: a natural method for fusing multi-
view observations, learning robust action-centric2 representations [89, 36], and enabling data
augmentation in 6-DoF – all of which help learn generalizable skills by focusing on diverse
rather than narrow multi-task data.

To study the effectiveness of this formulation, we conduct large-scale experiments in the
RLBench [127] environment. We train a single multi-task agent on 18 diverse tasks with 249
variations that involve a range of prehensile and non-prehensile behaviors like placing wine
bottles on a rack and dragging objects with a stick (see Figure 4.1 a-j). Each task also includes
several pose and semantic variations with objects that differ in placement, color, shape, size,
and category. Our results show that PERACT significantly outperforms image-to-action agents
(by 34×) and 3D ConvNet baselines (by 2.8×), without using any explicit representations of
instance segmentations, object poses, memory, or symbolic states. We also validate our ap-
proach on a Franka Panda with a multi-task agent trained from scratch on 7 real-world tasks
with a total of just 53 demonstrations (see Figure 4.1 k-o).

4.2 Related Work

Vision for Manipulation. Traditionally, methods in robot perception have used explicit “ob-
ject” representations like instance segmentations, object classes, poses [106, 292, 322, 316, 67,
294]. Such methods struggle with deformable and granular items like cloths and beans that
are hard to represent with geometric models or segmentations. In contrast, recent meth-
ods [314, 311, 250, 261] learn action-centric representations without any “objectness” assump-
tions, but they are limited to top-down 2D settings with simple pick-and-place primitives. In
3D, James et al. proposed C2FARM [128], an action-centric reinforcement learning (RL) agent
with a coarse-to-fine-grain 3D-UNet backbone. The coarse-to-fine-grain scheme has a limited

1Throughout the thesis we refer to PerceiverIO [119] as Perceiver for brevity.
2Action-centric refers to a system that learns perceptual representations of actions; see Figure 4.11.
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receptive field that cannot look at the entire scene at the finest level. In contrast, PERACT learns
action-centric representations with a global-receptive field through a Transformer backbone.
Also, PERACT does BC instead of RL, which enables us to easily train a multi-task agent for
several tasks by conditioning it with language goals.

End-to-End Manipulation approaches [140, 290, 161, 79] make the least assumptions about
objects and tasks, but are often formulated as an image-to-action prediction task. Training
directly on RGB images for 6-DoF tasks is often inefficient, generally requiring several demon-
strations or episodes just to learn basic skills like rearranging objects. In contrast, PERACT uses
a voxelized observation and action space, which is dramatically more efficient and robust in
6-DoF settings. While other works in 6-DoF grasping [260, 200, 198, 296, 4, 255] have used
RGB-D and pointcloud input, they have not been applied to sequential tasks or used with
language-conditioning. Another line of work tackles data inefficiency by using pre-trained
image representations [250, 203, 308] to bootstrap BC. Although our framework is trained
from scratch, such pre-training approaches could be integrated together in future works for
even greater efficiency and generalization to unseen objects.

Transformers for Agents and Robots. Transformers have become the prevalent architec-
ture in several domains. Starting with NLP [281, 37, 167], recently in vision [71, 168], and
even RL [45, 131, 160]. In robotics, Transformers have been applied to assistive teleop [54],
legged locomotion [297], path-planning [41, 134], imitation learning [64, 145], morphology con-
trollers [97], spatial rearrangement [165], and grasping [99]. Transformers have also achieved
impressive results in multi-domain settings like in Gato [228] where a single Transformer was
trained on 16 domains such as captioning, language-grounding, robotic control etc. However,
Gato relies on extremely large datasets like 15K episodes for block stacking and 94K episodes
for Meta-World [307] tasks. Our approach might complement agents like Gato, which could
use our 3D formulation for greater efficiency and robustness.

Language Grounding for Manipulation. Several works have proposed methods for ground-
ing language in robot actions [249, 186, 32, 195, 28, 277, 101, 50, 29, 219, 271, 207]. However,
these methods use disentangled pipelines for perception and action, with the language pri-
marily being used to guide perception [26]. Recently, a number of end-to-end approaches
[5, 129, 202, 188, 174] have been proposed for conditioning BC agents with language instruc-
tions. These methods require thousands of human demos or autonomous episodes that are
collected over several days or even months. In contrast, PERACT can learn robust multi-task
policies with just a few minutes of training data. For benchmarking, several simulation envi-
ronments exist [189, 311, 307], but we use RLBench [127] for its diversity of 6-DoF tasks and
ease of generating demonstrations with templated language goals.

Voxel Representations. Voxel-based representations have been used in several domains that
specifically benefit from 3D understanding. Like in object detection [182, 104], object search [319],
and vision-language grounding [31, 56], voxel maps have been used to build persistent scene
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representations [258]. In Neural Radiance Fields (NeRFs), voxel feature grids have dramati-
cally reduced training and rendering times [199, 239]. Similarly, other works in robotics have
used voxelized representations to embed viewpoint-invariance for driving [156] and manipu-
lation [279]. The use of latent vectors in Perceiver [119] is broadly related to voxel hashing [208]
from computer graphics. Instead of using a location-based hashing function to map voxels to
fixed size memory, PerceiverIO uses cross-attention to map the input to fixed size latent vec-
tors, which are trained end-to-end. Another major difference is the treatment of unoccupied
space. In graphics, unoccupied space does not affect rendering, but in PERACT, unoccupied
space is where a lot of “action detections” happen. Thus the relationship between unoccupied
and occupied space, i.e., scene, objects, robot, is crucial for learning action representations.

Long-Context and Latent-Space Transformers. Several approaches have been proposed for
extending Transformers to longer context lengths [268]. Latent-space Transformers that use
fixed-size latents instead of the full context, are one such approach [120, 93]. There is no clear
winner in terms of trade-offs between speed, memory, and performance. However, latent-
space methods have achieved compelling results in object detection [39] and slot-attention
based object discovery [170].

4.3 PERCEIVER-ACTOR

PERACT is a language-conditioned behavior-cloning agent for 6-DoF manipulation. The key
idea is to learn perceptual representations of actions conditioned on language goals. Given
a voxelized reconstruction of a scene, we use a Perceiver Transformer [119] to learn per-voxel
features. Despite the extremely large input space (1003), Perceiver uses a small set of latent vec-
tors to encode the input. The per-voxel features are then used to predict the next best action
in terms of discretized translation, rotation, and gripper state at each timestep. PERACT re-
lies purely on the current observation to determine what to do next in sequential tasks. See
Figure 4.2 for an overview.

Section 4.3.1 and Section 4.3.2 describe our dataset setup. Section 4.3.3 describes our prob-
lem formulation with PERACT, and Section 4.3.4 provides details on training PERACT.

4.3.1 Demonstrations

cross attn

cross attn

self attn

self attn

PerceiverIO Transformer

K

Input Output

Latents

K V

Q Q Q

Q

K

V

V

K V

...

FIGURE 4.3: Perceiver Transformer Ar-
chitecture. Perceiver is a latent-space
transformer. Q, K, V represent queries,
keys, and values, respectively.

We assume access to a dataset D = {ζ1, ζ2, . . . , ζn}
of n expert demonstrations, each paired with English
language goals G = {l1, l2, . . . , ln}. These demon-
strations are collected by an expert with the aid of
a motion-planner to reach intermediate poses. Each
demonstration ζ is a sequence of continuous actions
A = {a1, a2, . . . , at} paired with observations O =

{õ1, õ2, . . . õt}. An action a consists of the 6-DoF pose,
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FIGURE 4.2: PERACT Overview. PERACT is a language-conditioned behavior-cloning agent trained
with supervised learning to detect actions. PERACT takes as input a language goal and a voxel grid
reconstructed from RGB-D sensors. The voxels are split into 3D patches, and the language goal is en-
coded with a pre-trained language model. These language and voxel features are appended together as
a sequence and encoded with a Perceiver transformer [119]. Despite the extremely long input sequence,
Perceiver uses a small set of latent vectors to encode the input (see Figure 4.3 for an illustration). These
encodings are upsampled back to the original voxel dimensions with a decoder and reshaped with lin-
ear layers to predict a discretized translation, rotation, gripper open, and collision avoidance action.
This action is executed with a motion-planner after which the new observation is used to predict the
next discrete action in an observe-act loop until termination.

gripper open state, and whether the motion-planner used collision avoidance to reach an
intermediate pose: a = {apose, aopen, acollide}. An observation õ consists of RGB-D images
from any number of cameras. We use four cameras for simulated experiments õsim =

{ofront, oleft, oright, owrist}, but just a single camera for real-world experiments õreal = {ofront}.
Following prior work by James et al. [128], we construct a structured observation and action

space through keyframe extraction and voxelization.

4.3.2 Keyframes and Voxelization

k1

k2

FIGURE 4.4: Keyframes and
Demo Augmentation.

Training our agent to directly predict continuous actions is in-
efficient and noisy. So instead, for each demonstration ζ, we
extract a set of keyframe actions {k1, k2, . . . , km} ⊂ A that cap-
ture bottleneck end-effector poses [133] in the action sequence
with a simple heuristic: an action is a keyframe if (1) the joint-
velocities are near zero and (2) the gripper open state has not
changed. Each datapoint in the demonstration ζ can then be cast
as a “predict the next (best) keyframe action” task [128, 125, 164].
This process is illustrated in Figure C.2, where k1 and k2 are
two keyframes that were extracted from the heuristic. The or-
ange circles indicate datapoints whose RGB-D observations are
paired with the next keyframe action.

To learn action-centric representations [89] in 3D, we use a voxel grid [196, 235] to represent
both the observation and action space. The observation voxels v are reconstructed from RGB-D
observations õ fused through triangulation õ ⇒ v from known camera extrinsics and intrinsics.
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By default, we use a voxel grid of 1003, which corresponds to a volume of 1.0m3 in metric scale.
The keyframe actions k are discretized such that training our BC agent can be formulated as
a “next best action” classification task [128]. Translation is simply the closest voxel to the
center of the gripper fingers. Rotation is discretized into 5 degree bins for each of the three
rotation axes. Gripper open state is a binary value. Collide is also a binary value that indicates
if the motion-planner should avoid everything in the voxel grid or nothing at all; switching
between these two modes of collision avoidance is crucial as tasks often involve both contact
based (e.g., pulling the drawer open) and non-contact based motions (e.g., reaching the handle
without colliding into anything).

4.3.3 PERACT Agent
PERACT is a Transformer-based [281] agent that takes in a voxel observation and language goal
(v, l), and outputs a discretized translation, rotation, and gripper open action. This action is
executed with a motion-planner, after which this process is repeated until the goal is reached.

The language goal l is encoded with a pre-trained language model. We use CLIP’s [224]
language encoder, but any pre-trained language model would suffice [129, 174]. Our choice of
CLIP opens up possibilities for future work to use pre-trained vision features that are aligned
with the language for better generalization to unseen semantic categories and instances [250].

The voxel observation v is split into 3D patches of size 53 (akin to vision-transformers like
ViT [71]). In implementation, these patches are extracted with a 3D convolution layer with a
kernel-size and stride of 5, and then flattened into a sequence of voxel encodings. The language
encodings are fine-tuned with a linear layer and then appended with the voxel encodings
to form the input sequence. We also add learned positional embeddings to the sequence to
incorporate voxel and token positions.

The input sequence of language and voxel encodings is extremely long. A standard Trans-
former with O(n2) self-attention connections and an input of (100/5)3 = 8000 patches is hard
to fit on the memory of a commodity GPU. Instead, we use the Perceiver [119] Transformer.
Perceiver is a latent-space Transformer, where instead of attending to the entire input, it first
computes cross-attention between the input and a much smaller set of latent vectors (which
are randomly initialized and trained). These latents are encoded with self-attention layers, and
for the final output, the latents are again cross-attended with the input to match the input-size.
See Figure 4.3 for an illustration. By default, we use 2048 latents of dimension 512 : R2048×512,
but in Section 4.4.4 we experiment with different latent sizes.

The Perceiver Transformer uses 6 self-attention layers to encode the latents and outputs a
sequence of patch encodings from the output cross-attention layer. These patch encodings are
upsampled with a 3D convolution layer and tri-linear upsampling to decode 64-dimensional
voxel features. The decoder includes a skip-connection from the encoder (like in UNets [233]).
The per-voxel features are then used to predict discretized actions [128]. For translation, the
voxel features are reshaped into the original voxel grid (1003) to form a 3D Q-function of
action-values. For rotation, gripper open, and collide, the features are max-pooled and then
decoded with linear layers to form their respective Q-function. The best action T is chosen by
simply maximizing the Q-functions:
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Ttrans = argmax
(x,y,z)

Qtrans((x, y, z) | v, l ), Trot = argmax
(ψ,θ,ϕ)

Qrot((ψ, θ, ϕ) | v, l ),

Topen = argmax
ω

Qopen(ω | v, l ), Tcollide = argmax
κ

Qcollide( κ | v, l ),
(4.1)

where (x, y, z) is the voxel location in the grid, (ψ, θ, ϕ) are discrete rotations in Euler angles,
ω is the gripper open state and κ is the collide variable. See Figure 4.8 for examples of Q-
predictions.

4.3.4 Training Details

PERACT is trained through supervised learning with discrete-time input-action tuples from a
dataset of demonstrations. These tuples are composed of voxel observations, language goals,
and keyframe actions {(v1, l1, k1), (v2, l2, k2), . . .}. During training, we randomly sample a
tuple and supervise the agent to predict the keyframe action k given the observation and
goal (v, l). For translation, the ground-truth action is represented as a one-hot voxel encod-
ing Ytrans : RH×W×D. Rotations are also represented with a one-hot encoding per rotation axis
with R rotation bins Yrot : R(360/R)×3 (R = 5 degrees for all experiments). Similarly, open and
collide variables are binary one-hot vectors Yopen : R2, Ycollide : R2. The agent is trained with
cross-entropy loss:

Ltotal = −EYtrans [logVtrans]− EYrot [logVrot]− EYopen [logVopen]− EYcollide [logVcollide],

where Vtrans = softmax(Qtrans((x, y, z)|v, l)), Vrot = softmax(Qrot((ψ, θ, ϕ)|v, l)),
Vopen = softmax(Qopen(ω|v, l)), Vcollide = softmax(Qcollide(κ|v, l)) respectively. For robust-
ness, we also augment v and k with translation and rotation perturbations.

By default, we use a voxel grid size of 1003. We conducted validation tests by replaying
expert demonstrations with discretized actions to ensure that 1003 is a sufficient resolution for
execution. The agent was trained with a batch-size of 16 on 8 NVIDIA V100 GPUs for 16 days
(600K iterations). We use the LAMB [300] optimizer following Perceiver [119].

For multi-task training, we simply sample input-action tuples from all tasks in the dataset.
To ensure that tasks with longer horizons are not over-represented during sampling, each batch
contains a uniform distribution of tasks. That is, we first uniformly sample a set of tasks of
batch-size length, then pick a random input-action tuple for each of the sampled tasks. With
this strategy, longer-horizon tasks need more training steps for full coverage of input-action
pairs, but all tasks are given equal weighting during gradient updates.

4.4 Experiments
We perform experiments to answer the following questions: (1) How effective is PERACT com-
pared to unstructured image-to-action frameworks and standard architectures like 3D Con-
vNets? And what are the factors that affect PERACT’s performance? (2) Is the global receptive
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field of Transformers actually beneficial over methods with local receptive fields? (3) Can PER-
ACT be trained on real-world tasks with noisy data? (4) Can PERACT be quickly fine-tuned on
new tasks? And does the pre-training help?

4.4.1 Simulation Setup

We conduct our primary experiments in simulation for the sake of reproducibility and bench-
marking.

Environment. The simulation is set in CoppelaSim [230] and interfaced through PyRep [126].
All experiments use a Franka Panda robot with a parallel gripper. The input observations
are captured from four RGB-D cameras positioned at the front, left shoulder, right shoulder,
and on the wrist, as shown in Figure 4.5. All cameras are noiseless and have a resolution of
128 × 128.

front

right 
shoulder

left
shoulder

wrist

FIGURE 4.5: Simulated Setup. The four camera
setup: front, left shoulder, right shoulder, and on
the wrist.

Language-Conditioned Tasks. We train and
evaluate on 18 RLBench [127] tasks. See per-
act.github.io for examples, and Table 4.1 for
details on individual tasks. Each task in-
cludes several variations, ranging from 2-60
possibilities, e.g., in the stack blocks task,
“stack 2 red blocks” and “stack 4 purple blocks”
are two variants. These variants are ran-
domly sampled during data generation, but
kept consistent during evaluations for one-
to-one comparisons. Some RLBench tasks
were modified to include additional varia-
tions to stress-test multi-task and language-
grounding capabilities. There are a total of
249 variations across 18 tasks, and the number of extracted keyframes range from 2-17. All
keyframes from an episode have the same language goal, which is constructed from templates
(but human-annotated for real-world tasks). Note that in all experiments, we do not test for
generalization to unseen objects, i.e., our train and test objects are the same. However during
test time, the agent has to handle novel object poses, randomly sampled goals, and randomly
sampled scenes with different semantic instantiations of object colors, shapes, sizes, and cate-
gories. The focus here is to evaluate the performance of a single multi-task agent trained on all
tasks and variants.

Setup. Our simulated experiments are set in RLBench [127]. We select 18 out of 100 tasks that
involve at least two or more variations to evaluate the multi-task capabilities of agents. While
PERACT could be easily applied to more RLBench tasks, in our experiments, we were specifi-
cally interested grounding diverse language instructions, rather than learning one-off policies
for single-variation tasks like “[always] take off the saucepan lid”. Some tasks were modified to

https://peract.github.io
https://peract.github.io
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Task Variation Type # of Variations Avg. Keyframes Language Template

open drawer placement 3 3.0 “open the drawer”
slide block color 4 4.7 “slide the block to target”
sweep to dustpan size 2 4.6 “sweep dirt to the dustpan”
meat off grill category 2 5.0 “take the off the grill”
turn tap placement 2 2.0 “turn tap”
put in drawer placement 3 12.0 “put the item in the drawer”
close jar color 20 6.0 “close the jar”
drag stick color 20 6.0 “use the stick to drag onto the target”
stack blocks color, count 60 14.6 “stack blocks”
screw bulb color 20 7.0 “screw in the light bulb”
put in safe placement 3 5.0 “put the money away on the shelf”
place wine placement 3 5.0 “stack the wine bottle to the of the rack”
put in cupboard category 9 5.0 “put the in the cupboard”
sort shape shape 5 5.0 “put the in the shape sorter”
push buttons color 50 3.8 “push the button, [then the button]”
insert peg color 20 5.0 “put the ring on the spoke”
stack cups color 20 10.0 “stack the other cups on top of the cup”
place cups count 3 11.5 “place cups on the cup holder”

TABLE 4.1: Language-Conditioned Tasks in RLBench [127]. Variation type, number of variations,
average number of keyframes in a demonstration, and templates used to generate language goals for
all tasks used in our experiments.

include additional variations. See Table 4.1 for an overview. We report average keyframes
extracted from the method described in Section 4.3.2.

Variations. Task variations include randomly sampled colors, sizes, shapes, counts, place-
ments, and categories of objects. The set of colors include 20 instances: colors = {red, maroon,
lime, green, blue, navy, yellow, cyan, magenta, silver, gray, orange, olive, purple, teal,
azure, violet, rose, black, white}. The set of sizes include 2 instances: sizes = {short, tall}.
The set of shapes include 5 instances: shapes = {cube, cylinder, triangle, star, moon}. The
set of counts include 3 instances: counts = {1, 2, 3}. The placements and object categories are
specific to each task. For instance, open drawer has 3 placement locations: top, middle, and
bottom, and put in cupboard includes 9 YCB objects. In addition to these semantic variations,
objects are placed on the tabletop at random poses. Some large objects like drawers have con-
strained pose variations [127] to ensure that manipulating them is kinematically feasible with
the Franka arm.

Evaluation Metric. Each multi-task agent is evaluated independently on all 18 tasks. Eval-
uations are scored either 0 for failures or 100 for complete successes. There are no partial
credits. We report average success rates on 25 evaluation episodes per task (25 × 18 = 450 to-
tal episodes) for agents trained with n = 10, 100 demonstrations per task. During evaluation,
an agent keeps taking actions until an oracle indicates task-completion or reaches a maximum
of 25 steps.
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open
drawer

slide
block

sweep to
dustpan

meat off
grill

turn
tap

put in
drawer

close
jar

drag
stick

stack
blocks

Method 10 100 10 100 10 100 10 100 10 100 10 100 10 100 10 100 10 100

Image-BC (CNN) 4 4 4 0 0 0 0 0 20 8 0 8 0 0 0 0 0 0
Image-BC (ViT) 16 0 8 0 8 0 0 0 24 16 0 0 0 0 0 0 0 0
C2FARM-BC 28 20 12 16 4 0 40 20 60 68 12 4 28 24 72 24 4 0
PERACT (no lan) 20 28 8 12 20 16 40 48 36 60 16 16 16 12 48 60 0 0
PERACT 68 80 32 72 72 56 68 84 72 80 16 68 32 60 36 68 12 36

screw
bulb

put in
safe

place
wine

put in
cupboard

sort
shape

push
buttons

insert
peg

stack
cups

place
cups

10 100 10 100 10 100 10 100 10 100 10 100 10 100 10 100 10 100

Image-BC (CNN) 0 0 0 4 0 0 0 0 0 0 4 0 0 0 0 0 0 0
Image-BC (ViT) 0 0 0 0 4 0 4 0 0 0 16 0 0 0 0 0 0 0
C2FARM-BC 12 8 0 12 36 8 4 0 8 8 88 72 0 4 0 0 0 0
PERACT (no lan) 0 24 8 20 8 20 0 0 0 0 60 68 4 0 0 0 0 0
PERACT 28 24 16 44 20 12 0 16 16 20 56 48 4 0 0 0 0 0

TABLE 4.2: Multi-Task Test Results. Success rates (mean %) of various multi-task agents tasks trained
with either 10 or 100 demonstrations per task and evaluated on 25 episodes per task. Each evaluation
episode is scored either a 0 for failure or 100 for succces. PERACT outperforms C2FARM-BC [128], the
most competitive baseline, with an average improvement of 1.33× with 10 demos and 2.83× with 100
demos.

4.4.2 Simulation Results

Table 4.2 reports success rates of multi-task agents trained on all 18 tasks. We could not inves-
tigate single-task agents due to resource constraints of training 18 individual agents.

Baseline Methods. We study the effectiveness of our problem formulation by benchmark-
ing against two language-conditioned baselines: Image-BC and C2FARM-BC. Image-BC is an
image-to-action agent similar to BC-Z [129]. Following BC-Z, we use FiLM [220] for condi-
tioning with CLIP [224] language features, but the vision encoders take in RGB-D images in-
stead of just RGB. We also study both CNN and ViT vision encoders. C2FARM-BC is a 3D
fully-convolutional network by James et al. [128] that has achieved state-of-the-art results on
RLBench tasks. Similar to our agent, C2FARM-BC also detects actions in a voxelized space,
however it uses a coarse-to-fine-grain scheme to detect actions at two-levels of voxelization:
323 voxels with a 13m grid, and 323 voxels with a 0.153m grid after “zooming in” from the
first level. Note that at the finest level, C2FARM-BC has a higher resolution (0.47cm) than
PERACT (1cm). We use the same 3D ConvNet architecture as James et al. [128], but instead of
training it with RL, we do BC with cross-entropy loss (from Section 4.3.4). We also condition it
with CLIP [224] language features at the bottleneck like in LingUNets [191, 250].

Multi-Task Performance. Table 4.2 compares the performance of Image-BC and C2FARM-
BC against PERACT. With insufficient demonstrations, Image-BC has near zero performance
on most tasks. Image-BC is disadvantaged with single-view observations and has to learn
hand-eye coordination from scratch. In contrast, PERACT’s voxel-based formulation natu-
rally allows for integrating multi-view observations, learning 6-DoF action representations,
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and data-augmentation in 3D, all of which are non-trivial to achieve in image-based methods.
C2FARM-BC is the most competitive baseline, but it has a limited receptive field mostly be-
cause of the coarse-to-fine-grain scheme and partly due to the convolution-only architecture.
PERACT outperforms C2FARM-BC in 25/36 evaluations in Table 4.2 with an average improve-
ment of 1.33× with 10 demonstrations and 2.83×with 100 demonstrations. For a number of
tasks, C2FARM-BC actually performs worse with more demonstrations, likely due to insuf-
ficient capacity. Since additional training demonstrations include additional task variants to
optimize for, they might end up hurting performance.

In general, 10 demonstrations are sufficient for PERACT to achieve > 65% success on tasks
with limited variations like open drawer (3 variations). But tasks with more variations like
stack blocks (60 variations) need substantially more data, sometimes to simply cover all pos-
sible concepts like “teal color block” that might have not appeared in the training data. See the
simulation rollouts in the supplementary video to get a sense of the complexity of these eval-
uations. For three tasks: insert peg, stack cups, and place cups, all agents achieve near
zero success. These are very high-precision tasks where being off by a few centimeters or de-
grees could lead to unrecoverable failures. But in Section 4.4.5 we find that training single-task
agents, specifically for these tasks, slightly alleviates this issue.
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FIGURE 4.6: Ablation Experiments. Suc-
cess rate of PERACT after ablating key
components.

Ablations. Table 4.2 reports PERACT w/o Lang, an
agent without any language conditioning. Without a
language goal, the agent does not know the underly-
ing task and performs at chance. We also report addi-
tional ablation results on the open drawer task in Fig-
ure 4.6. To summarize these results: (1) the skip con-
nection helps train the agent slightly faster, (2) the Per-
ceiver Transformer is crucial for achieving good per-
formance with the global receptive field, and (3) ex-
tracting good keyframes actions is essential for super-
vised training as randomly chosen or fixed-interval
keyframes lead to zero-performance.

4.4.3 Global vs. Local Receptive Fields
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FIGURE 4.7: Global vs. Local Receptive
Field Experiments. Success rates of PER-
ACT against various C2FARM-BC [128]
baselines

To further investigate our Transformer agent’s global
receptive field, we conduct additional experiments
on the open drawer task. The open drawer task has
three variants: “open the top drawer”, “open the middle
drawer”, and “open the bottom drawer”, and with a lim-
ited receptive field it is hard to distinguish the drawer
handles, which are all visually identical. Figure 4.7 re-
ports PERACT and C2FARM-BC agents trained with
100 demonstrations. Although the open drawer tasks
can be solved with fewer demonstrations, here we
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“place the wine bottle 
on the middle of the rack”

“sweep the dirt
to the tall dustpan”

“press the handsan” “put the tape 
in the top drawer”

Q-Prediction Expert Action

t=3 t=0 t=0 t=3

FIGURE 4.8: Q-Prediction Examples. Qualitative examples of translation Q-Predictions from PER-
ACT along with expert actions, highlighted with dotted-circles. The left two are simulated tasks, and
the right two are real-world tasks. See Figure 4.11 for more examples.

want to ensure that insufficient data is not an issue.
We include several versions of C2FARM-BC with different voxelization schemes. For instance,
[16, 16] indicates two levels of 163 voxel grids at 1m3 and 0.15m3, respectively. And [64] indi-
cates a single level of a 643 voxel grid without the coarse-to-fine-grain scheme. PERACT is the
only agent that achieves > 70% success, whereas all C2FARM-BC versions perform at chance

open
drawer

slide
block

sweep to
dustpan

meat off
grill

turn
tap

put in
drawer

close
jar

drag
stick

stack
blocks

PERACT 80 72 56 84 80 68 60 68 36

PERACT w/o Rot Aug 92 72 56 92 96 60 56 100 8

PERACT 4096 latents 84 88 44 68 84 48 48 84 12
PERACT 1024 latents 84 48 52 84 84 52 32 92 12
PERACT 512 latents 92 84 48 100 92 32 32 100 20

PERACT 643 voxels 88 72 80 60 84 36 40 84 32
PERACT 323 voxels 28 44 100 60 72 24 0 24 0

PERACT 73 patches 72 48 96 92 76 76 36 96 32
PERACT 93 patches 68 64 56 52 96 56 36 92 20

screw
bulb

put in
safe

place
wine

put in
cupboard

sort
shape

push
buttons

insert
peg

stack
cups

place
cups

PERACT 24 44 12 16 20 48 0 0 0

PERACT w/o Rot Aug 20 32 48 8 8 56 8 4 0

PERACT 4096 latents 32 44 52 8 12 72 4 4 0
PERACT 1024 latents 24 32 36 8 20 40 8 4 0
PERACT 512 latents 48 40 36 24 16 32 12 0 4

PERACT 643 voxels 24 48 44 12 4 32 0 4 0
PERACT 323 voxels 12 20 52 0 0 60 0 0 0

PERACT 73 patches 8 48 76 0 12 16 0 0 0
PERACT 93 patches 12 36 72 12 0 20 0 0 0

TABLE 4.3: Sensitivity Analysis. Success rates (mean %) of various PERACT agents trained with 100
demonstrations per task. We investigate three factors that affect PERACT’s performance: rotation aug-
mentation, number of Perceiver latents, and voxel resolution.
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with ∼ 33%, indicating that the global receptive field of the Transformer is crucial for solving
the task.

4.4.4 Sensitivity Analysis

In Table 4.3, we investigate three factors that affect PERACT’s performance: rotation data aug-
mentation, number of Perceiver latents, and voxelization resolution. All multi-task agents
were trained with 100 demonstrations per task and evaluated on 25 episodes per task. To
briefly summarize these results: (1) 45◦ yaw perturbations improve performance on tasks with
lots of rotation variations like stack blocks, but also worsen performance on tasks with con-
strained rotations like place wine. (2) PERACT with just 512 latents is competitive with (and
sometimes even better than) the default agent with 2048 latents, which showcases the compres-
sion capability of the Perceiver architecture. (3) Coarse grids like 323 are sufficient for some
tasks, but high-precision tasks like sort shape need higher resolution voxelization. (4) Large
patch-sizes reduce memory usage, but they might affect tasks that need sub-patch precision.

4.4.5 High-Precision Tasks
Multi Single

place cups 0 24
stack cups 0 32
insert peg 0 16

TABLE 4.4: Success rates
(mean %) of multi-task and
single-task PERACT agents
trained with 100 demos and
evaluated on 25 episodes.

PERACT achieves zero performance on three high-precision
tasks: place cups, stack cups, and insert peg. To investi-
gate if multi-task optimization is itself one of the factors affect-
ing performance, we train 3 separate single-task agents for each
task in Table 4.4. We find that single-task agents are able to
achieve non-zero performance, indicating that better multi-task
optimization methods might improve performance.

4.4.6 Fine-Tuning on New Tasks

Pre-training foundation models [33] like CLIP [224] and BERT [69] offers the advantage of
quickly fine-tuning on new tasks with minimal data – a technique that has become standard
practice in vision and language. In Table 4.5, we present results for fine-tuning a PERACT agent
on new manipulation tasks. We take the best pre-trained PERACT agent from Section 4.4.2,

take
lid off

pickup
cup

meat
on grill

open
bottle

pick
and lift

remove
cups

take
roll

open
oven

Trained from scratch 88 16 48 76 20 0 28 12

Fine-tuned 96 44 48 84 48 12 32 8
Fine-tuned from Self-Attn 100 48 56 84 52 8 36 16
Fine-tuned from Decoder 100 44 72 84 32 24 56 12

TABLE 4.5: Fine-Tuning PERACT on New Tasks. Success rates (mean %) of various PERACT agents
trained from scratch or fine-tuned on 8 new tasks, all with 10 demonstrations per task. Fine-tuning
includes three variations: (top) all parameters, (middle) only parameters from self-attention layers on-
wards, (bottom) only parameters from decoder cross attention onwards, while the rest kept frozen.
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which was trained on 18 tasks, and fine-tune it on 8 new RLBench [127] tasks with just 10
demonstrations per task. We compare against training PERACT from scratch on new tasks
without any pre-training. Additionally, we present three types of fine-tuning: (1) updating all
parameters in the agent, (2) only fine-tuning the parameters from the self-attention layers on-
wards, while keeping the rest frozen, and (3) only fine-tuning the parameters from the decoder
cross-attention, while keeping the rest frozen.

These preliminary results indicate that pre-training PERACT improves its ability to learn
new tasks. A pre-trained PERACT agent is already familiar with certain objects like cups and
wine bottles, so it might be easier to acquire new skills that involve them. Furthermore, while
some tasks like open oven involve completely unfamiliar objects like ovens, PERACT may have
learnt some general 3D processing and reaching skills that make it more effective than start-
ing from scratch. With larger models, fine-tuning and zero-shot capabilities can be further
improved; PERACT with only 33M parameters is still tiny compared to the largest existing
multimodal transformers like PaLM-E [74] with 562B parameters.

4.4.7 Real-Robot Results
Task # Train # Test Succ. %

Press Handsan 5 10 90
Put Marker 8 10 70
Place Food 8 10 60
Put in Drawer 8 10 40
Hit Ball 8 10 60
Stack Blocks 10 10 40
Sweep Beans 8 5 20

TABLE 4.6: Success rates (mean %)
of a multi-task model trained an
evaluated 7 real-world tasks.

We also validated our results with real-robot experiments
on a Franka Emika Panda. Without any sim-to-real transfer
or pre-training, we trained a multi-task PERACT agent from
scratch on 7 tasks (with 18 unique variations) from a total
of just 53 demonstrations. See the supplementary video for
qualitative results that showcase the diversity of tasks and
robustness to scene changes. Table 4.6 reports success rates
from small-scale evaluations. Similar to the simulation re-
sults, we find that PERACT is able to achieve > 65% suc-
cess on simple short-horizon tasks like pressing hand-sanitizers from just a handful number
of demonstrations. The most common failures involved predicting incorrect gripper open ac-
tions, which often lead the agent into unseen states. This could be addressed in future works
by using HG-DAgger style approaches to correct the agent [129]. Other issues included the
agent exploiting biases in the dataset like in prior work [250]. This could be addressed by
scaling up expert data with more diverse tasks and task variants.

4.4.8 Attention Visualization

Figure 4.9 presents selected examples of attention heatmaps from PERACT’s encoder cross-
attention. Notably, PERACT’s receptive field effectively covers the entire input space of 1003

voxels. For example, in the scenario where the task is to "use the stick to drag the cube onto the
magenta target," the encoder attends to both the stick and the magenta target simultaneously.
In contrast, some attention heatmaps are less interpretable. For the "open bottom drawer"
example, the encoder mostly focuses on the floor. Such uninformative attention maps have
been previously reported [248] with ViT-style transformers.
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FIGURE 4.9: Encoder Cross-Attention Visualization. 8 examples of attention heatmaps from PERACT’s
encoder cross-attention that mixes input voxel patches with latent vectors.

4.5 Limitations and Risks

While PERACT is quite capable, it is not without limitations. In the following sections, we
discuss some of these limitations and potential risks for real-world deployment.

Sampling-Based Motion Planner. PERACT relies on a sampling-based motion planner to exe-
cute discretized actions. This puts PERACT at the mercy of randomized planner to reach poses.
While this issue did not cause any major problems with the tasks in our experiments, a lot of
other tasks are sensitive to the paths taken to reach poses. For instance, pouring water into a
cup would require a smooth path for tilting the water container appropriately. This could be
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FIGURE 4.10: Perturbation Tests. Results from a multi-task PERACT agent trained on a single drawer
and evaluated on several instances perturbed drawers. Each perturbation consists of 25 evaluation
episodes, and reported successes are relative to the training drawer.

addressed in future works by using a combination of learned and sampled motion paths [123].

Dynamic Manipulation. Another issue with discrete-time discretized actions is that they are
not easily applicable to dynamic tasks that require real-time closed-loop maneuvering. This
could be addressed with a separate visuo-servoing mechanism that can reach target poses
with closed-loop control. Alternatively, instead of predicting just one action, PERACT could be
extended to predict a sequence of discretized actions. Here, the Transformer-based architecture
could be particularly advantageous. Also, instead of just predicting poses, the agent could also
be trained to predict other physical parameters like target velocities [312].

Dexterous Manipulation. Using discretized actions with N-DoF robots like multi-fingered
hands is also non-trivial. Specifically for multi-fingered hands, PERACT could be modified to
predict finger-tip poses that can be reached with an IK (Inverse Kinematics) solver. But it is
unclear how feasible or robust such an approach would be with under-actuated systems like
multi-fingered hands.
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Generlization to Novel Instances and Objects. In Figure 4.10, we report results from small-
scale perturbation experiments on the open drawer task. We observe that changing the shape
of the handles does not affect performance. However, handles with randomized textures and
colors confuse the agent since it has only seen one type of drawer color and texture during
training. Going beyond this one-shot setting, and training on several instances of drawers
might improve generalization performance. Although we did not explicitly study generaliza-
tion to unseen objects, it might be feasible to train PERACT’s action-detector on a broad range
of objects and evaluate its ability to handle novel objects, akin to how language-conditioned
instance-segmentors and object-detectors are used [142]. Alternatively, pre-trained vision fea-
tures from multi-modal encoders like CLIP [224] or R3M [203] could be used to boostrap learn-
ing.

Scope of Language Grounding. Like with prior work [250], PERACT’s understanding of verb-
noun phrases is closely grounded in demonstrations and tasks. For example, “cleaning” in
“clean the beans on the table with a dustpan” is specifically associated with the action sequence of
pushing beans on to a dustpan, and not “cleaning” in general, which could be applied to other
tasks like cleaning the table with a cloth.

Predicting Task Completion. For both real-world and simulated evaluations, an oracle indi-
cates whether the desired goal has been reached. This oracle could be replaced with a success
classifier that can be pre-trained to predict task completion from RGB-D observations.

History and Partial Observability. PERACT relies purely on the current observation to predict
the next action. As such, tasks that require history like counting or ordering are not feasible,
unless accompanied by a task-completion predictor. Similarly, for tasks involving partial ob-
servability e.g., looking through drawers one-by-one for a specific object, PERACT does not
keep track of what was seen before. Future works could include observations from previous
timesteps, or append Perceiver latents, or train a Recurrent Neural Network to encode latents
across timesteps.

Data Augmentation with Kinematic Feasibility. The data augmentation method described
in Section 4.3.4 does not consider the kinematic feasibility of reaching perturbed actions with
the Franka arm. Future works could pre-compute unreachable poses in the discretized action
space, and discard any augmentation perturbations that push actions into unreachable zones.

Balanced Datasets. Since PERACT is trained with just a few demonstrations, it occassionally
tends to exploit biases in the training data. For instance, PERACT might have a tendency to
always “place blue blocks on yellow blocks” if such an example is over-represented in the train-
ing data. Such issues could be potentially fixed by scaling datasets to include more diverse
examples of objects and attributes. Additionally, data visualization methods could be used to
identify and fix these biases.



58

Multi-Task Optimization. The uniform task sampling strategy presented in Section 4.3.4
might sometimes hurt performance. Since all tasks are weighted equally, optimizing for certain
tasks with common elements (e.g., moving blocks), might adversarial affect the performance
on other dissimilar tasks (e.g., turning taps). Future works, could use dynamic task-weighting
methods like Auto-λ [164] for better multi-task optimization.

Deployment Risks. PERACT is an end-to-end framework for 6-DoF manipulation. Unlike
some methods in Task-and-Motion-Planning that can sometimes provide theoretical guaran-
tees on task completion, PERACT is a purely reactive system whose performance can only be
evaluated through empirical means. Also, unlike prior works [250], we do not use internet
pre-trained vision encoders that might contain harmful biases [25, 24]. Even so, it is prudent to
thoroughly study and mitigate any biases before deployment. As such, for real-world appli-
cations, keeping humans in the loop both during training and testing, might help. Usage with
unseen objects and observations with people is not recommended for safety critical systems.

4.6 Discussion

We presented PERACT, a Transformer-based multi-task agent for 6-DoF manipulation. Our
experiments with both simulated and real-world tasks show that the right problem formu-
lation, i.e., detecting voxel actions, makes a substantial difference in terms of data efficiency
and robustness. Together with results from CLIPort, our experiments indicate that scaling-up
robot learning with large-scale data is indeed possible. This paradigm is already well estab-
lished in vision [107, 71] and NLP [69], so it is exciting to see where it takes the robot learning
community next.

But both CLIPort and PERACT also suffer from a problem apparent in most vision and
NLP systems: the inability to plan and reason across long-time horizons. Akin to most object-
detectors in computer vision, our action-detectors are purely reactive: they take in an obser-
vation and output a single-step action at each time step. In partially-observable environments
and tasks that involve hundreds or thousands time steps to solve, such reactive systems strug-
gle to generalize and scale. One common way to deal with these issues is introduce abstrac-
tions, which is the topic of our next chapter.
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FIGURE 4.11: Additional Q-Prediction Examples. Translation Q-Prediction examples from PERACT.
The top two rows are from simulated tasks without any data augmentation perturbations, and the
bottom row is from real-world tasks with translation and yaw-rotation perturbations.
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Chapter 5

Learning Abstract Policies in Language

Most useful goals take time to achieve. Both CLIPort and PERACT are limited to short-horizon
tasks that take only a few seconds to complete like “put the hammer in the top drawer”. In
contrast, real-life scenarios like “making a cup of coffee” or “planning a trip to London” could take
minutes, days, or even months to complete.

One way humans deal with long time-horizons is by thinking purely in abstract terms like
in language [21, 72]. By imagining action sequences and scoring their likelihood of success,
prototypicality, and efficiency, humans can plan actions far into the future without moving a
muscle. We then update our abstract plans as we receive concrete perceptual and physical
feedback from our environments. Embodied agents require the same abilities, but existing
work does not yet provide the infrastructure necessary for both reasoning abstractly and exe-
cuting concretely.

In this chapter, we address this gap by introducing ALFWorld, a simulator that enables
agents to learn abstract, language-based policies in TextWorld [57] (an interactive text game
environment) and then execute goals from the ALFRED benchmark [252] in a rich visual envi-
ronment. ALFWorld enables the creation of a new BUTLER agent whose abstract knowledge,
learned in TextWorld, corresponds directly to concrete, visually grounded actions. In turn,
as we demonstrate empirically, this fosters better agent generalization than training only in
the visually grounded environment. BUTLER’s simple, modular design factors the problem
to allow researchers to focus on models for improving every piece of the pipeline (language
understanding, planning, navigation, and visual scene understanding).

This chapter was published previously as Shridhar et al. [253]. Xingdi (Eric) Yuan, Marc-
Alexandre Côté, Yonatan Bisk, Adam Trischler, and Matthew Hausknecht contributed to the
materials presented here. The simulation environments, model code, data, and pre-trained
models are available at alfworld.github.io.

https://alfworld.github.io/
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5.1 Overview TextWorld Embodied

Welcome!

You are in the middle of the room. 
Looking around you, you see 
a diningtable, a stove, 
a microwave, and a cabinet. 

Your task is to: 
Put a pan on the diningtable. 

> goto the cabinet

You arrive at the cabinet. 
The cabinet is closed.

> open the cabinet

The cabinet is empty.

> goto the stove

You arrive at the stove. Near the 
stove, you see a pan, a pot, 
a bread loaf, a lettuce, 
and a winebottle.

> take the pan from the stove

You take the pan from the stove.

> goto the diningtable

You arrive at the diningtable.

> put the pan on the diningtable
 
You put the pan on the 
diningtable.
  

FIGURE 5.1: ALFWorld Environment. Interac-
tive aligned text and embodied worlds. An exam-
ple with high-level text actions (left) and low-level
physical actions (right).

Consider helping a friend prepare dinner in
an unfamiliar house: when your friend asks
you to clean and slice an apple for an ap-
petizer, how would you approach the task?
Intuitively, one could reason abstractly: (1)
find an apple (2) wash the apple in the sink
(3) put the clean apple on the cutting board
(4) find a knife (5) use the knife to slice the
apple (6) put the slices in a bowl. Even in
an unfamiliar setting, abstract reasoning can
help accomplish the goal by leveraging se-
mantic priors. Priors like locations of objects
– apples are commonly found in the kitchen
along with implements for cleaning and slic-
ing, object affordances – a sink is useful for
washing an apple unlike a refrigerator, pre-
conditions – better to wash an apple before
slicing it, rather than the converse. We hy-
pothesize that, learning to solve tasks using
abstract language, unconstrained by the par-
ticulars of the physical world, enables agents
to complete embodied tasks in novel environments by leveraging the kinds of semantic priors
that are exposed by abstraction and interaction. To test this hypothesis, we have created the
novel ALFWorld framework, the first interactive, parallel environment that aligns text descrip-
tions and commands with physically embodied robotic simulation. We build ALFWorld by
extending two prior works: TextWorld [57] - an engine for interactive text-based games, and
ALFRED [252] - a large scale dataset for vision-language instruction following in embodied
environments. ALFWorld provides two views of the same underlying world and two modes
by which to interact with it: TextWorld, an abstract, text-based environment, generates textual
observations of the world and responds to high-level text actions; ALFRED, the embodied
simulator, renders the world in high-dimensional images and responds to low-level physical
actions as from a robot (Figure 5.1).1 Unlike prior work on instruction following [178, 13],
which typically uses a static corpus of cross-modal expert demonstrations, we argue that
aligned parallel environments like ALFWorld offer a distinct advantage: they allow agents
to explore, interact, and learn in the abstract environment of language before encountering the
complexities of the embodied environment.

While fields such as robotic control use simulators like MuJoCo [278] to provide infinite
data through interaction, there has been no analogous mechanism – short of hiring a human

1Note: Throughout this work, for clarity of exposition, we use ALFRED to refer to both tasks and the grounded
simulation environment, but rendering and physics are provided by AI2-THOR [148].
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around the clock – for providing linguistic feedback and annotations to an embodied agent.
TextWorld addresses this discrepancy by providing programmatic and aligned linguistic sig-
nals during agent exploration. This facilitates the first work, to our knowledge, in which an
embodied agent learns the meaning of complex multi-step policies, expressed in language,
directly through interaction.

Empowered by the ALFWorld framework, we introduce BUTLER (Building Understanding
in Textworld via Language for Embodied Reasoning), an agent that first learns to perform
abstract tasks in TextWorld using Imitation Learning (IL) and then transfers the learned poli-
cies to embodied tasks in ALFRED. When operating in the embodied world, BUTLER lever-
ages the abstract understanding gained from TextWorld to generate text-based actions; these
serve as high-level subgoals that facilitate physical action generation by a low-level controller.
Broadly, we find that BUTLER is capable of generalizing in a zero-shot manner from TextWorld
to unseen embodied tasks and settings. Our results show that training first in the abstract text-
based environment is not only 7× faster, but also yields better performance than training from
scratch in the embodied world. These results lend credibility to the hypothesis that solving ab-
stract language-based tasks can help build priors that enable agents to generalize to unfamiliar
embodied environments.

5.2 Related Work

The longstanding goal of grounding language learning in embodied settings [26] has lead
to substantial work on interactive environments. ALFWorld extends that work with fully-
interactive aligned environments that parallel textual interactions with photo-realistic render-
ings and physical interactions.

Interactive Text-Only Environments: We build on the work of text-based environments like
TextWorld [57] and Jericho [103]. While these environment allow for textual interactions, they
are not grounded in visual or physical modalities.

Vision and language: While substantial work exists on vision-language representation learn-
ing e.g., MAttNet [306], CMN [113], VQA [15], CLEVR [135], ViLBERT [171], they lack embod-
ied or sequential decision making.

Embodied Language Learning: To address language learning in embodied domains, a num-
ber of interactive environments have been proposed: BabyAI [51], Room2Room [13], AL-
FRED [252], InteractiveQA [92], Das2018 [60], and NetHack [155]. These environments use
language to communicate instructions, goals, or queries to the agent, but not as a fully-interactive
textual modality.

Language for State and Action Representation: Others have used language for more than just
goal-specification. Schwartz et al. [241] use language as an intermediate state to learn policies
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in VizDoom. Similarly, Narasimhan et al. [204] and Zhong et al. [321] use language as an inter-
mediate representation to transfer policies across different environments. Hu et al. [112] use
a natural language instructor to command a low-level executor, and Jiang et al.[132] use lan-
guage as an abstraction for hierarchical RL. However these works do not feature an interactive
text environment for pre-training the agent in an abstract textual space. Zhu et al. [323] use
high-level commands similar to ALFWorld to solve tasks in THOR with IL and RL-finetuning
methods, but the policy only generalizes to a small set of tasks due to the vision-based state
representation. Using symbolic representations for state and action is also an inherent charac-
teristic of works in task-and-motion-planning [138, 150] and symbolic planning [19].

World Models: The concept of using TextWorld as a “game engine” to represent the world
is broadly related to inverse graphics [154] and inverse dynamics [288] where abstract visual
or physical models are used for reasoning and future predictions. Similarly, some results in
cognitive science suggest that humans use language as a cheaper alternative to sensorimotor
simulation [21, 72].

5.3 Aligning ALFRED and TextWorld

Task type # train # seen # unseen
Pick & Place 790 35 24
Examine in Light 308 13 18
Clean & Place 650 27 31
Heat & Place 459 16 23
Cool & Place 533 25 21
Pick Two & Place 813 24 17
All 3,553 140 134

TABLE 5.1: Data Split. Six AL-
FRED task types with heldout seen
and unseen evaluation sets.

The ALFRED dataset [252], set in the AI2-THOR sim-
ulator [148], is a benchmark for learning to complete
embodied household tasks using natural language in-
structions and egocentric visual observations. As shown
in Figure 5.1 (right), ALFRED tasks pose challenging
interaction and navigation problems to an agent in a
high-fidelity simulated environment. Tasks are anno-
tated with a goal description that describes the objective
(e.g., “put a pan on the dining table”). We consider both
template-based and human-annotated goals; further de-
tails on goal specification can be found in Appendix D.8. Agents observe the world through
high-dimensional pixel images and interact using low-level action primitives: MOVEAHEAD,
ROTATELEFT/RIGHT, LOOKUP/DOWN, PICKUP, PUT, OPEN, CLOSE, and TOGGLEON/OFF.

The ALFRED dataset also includes crowdsourced language instructions like “turn around
and walk over to the microwave” that explain how to complete a goal in a step-by-step manner.
We depart from the ALFRED challenge by omitting these step-by-step instructions and focus-
ing on the more diffcult problem of using only on goal descriptions specifying what needs to
be achieved.

Our aligned ALFWorld framework adopts six ALFRED task-types (Table 5.1) of various
difficulty levels.2 Tasks involve first finding a particular object, which often requires the agent to
open and search receptacles like drawers or cabinets. Subsequently, all tasks other than Pick &
Place require some interaction with the object such as heating (place object in microwave and

2To start with, we focus on a subset of the ALFRED dataset for training and evaluation that excludes tasks
involving slicing objects or using portable container (e.g., bowls).
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start it) or cleaning (wash object in a sink). To complete the task, the object must be placed in
the designated location.

Within each task category there is significant variation: the embodied environment in-
cludes 120 rooms (30 kitchens, 30 bedrooms, 30 bathrooms, 30 living rooms), each dynamically
populated with a set of portable objects (e.g., apple, mug), and static receptacles (e.g., mi-
crowave, fridge). For each task type we construct a larger train set, as well as seen and unseen
validation evaluation sets:

(1) seen consists of known task instances {task-type, object, receptacle, room} in rooms seen
during training, but with different instantiations of object locations, quantities, and visual ap-
pearances (e.g. two blue pencils on a shelf instead of three red pencils in a drawer seen in
training).

(2) unseen consists of new task instances with possibly known object-receptacle pairs, but
always in unseen rooms with different receptacles and scene layouts than in training tasks.

The seen set is designed to measure in-distribution generalization, whereas the unseen set
measures out-of-distribution generalization. The scenes in ALFRED are visually diverse, so
even the same task instance can lead to very distinct tasks, e.g., involving differently colored
apples, shaped statues, or textured cabinets. For this reason, purely vision-based agents such
as the unimodal baselines in Section 5.6.2 often struggle to generalize to unseen environments
and objects.
The TextWorld framework [57] procedurally generates text-based environments for training
and evaluating language-based agents. In order to extend TextWorld to create text-based
analogs of each ALFRED scene, we adopt a common latent structure representing the state
of the simulated world. ALFWorld uses PDDL - Planning Domain Definition Language [187]
to describe each scene from ALFRED and to construct an equivalent text game using the
TextWorld engine. The dynamics of each game are defined by the PDDL domain (see Ap-
pendix D.3 for additional details). Textual observations shown in Figure 5.1 are generated
with templates sampled from a context-sensitive grammar designed for the ALFRED envi-
ronments. For interaction, TextWorld environments use the following high-level actions:

goto {recep} take {obj} from {recep} put {obj} in/on {recep}
open {recep} close {recep} toggle {obj}{recep}
clean {obj} with {recep} heat {obj} with {recep} cool {obj} with {recep}

where {obj} and {recep} correspond to objects and receptacles. Note that heat, cool, clean,
and goto are high-level actions that correspond to several low-level embodied actions.
ALFWorld, in summary, is an cross-modal framework featuring a diversity of embodied tasks
with analogous text-based counterparts. Since both components are fully interactive, agents
may be trained in either the language or embodied world and evaluated on heldout test tasks
in either modality. We believe the equivalence between objects and interactions across modal-
ities make ALFWorld an ideal framework for studying language grounding and cross-modal
learning.
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5.4 BUTLER: An Embodied Multi-Task Agent

On the dining table 1,
you see a laptop 1,
a plate 1, a vase 1,
a statue 1, and a statue 2. 
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FIGURE 5.2: BUTLER Agent consists of three modular components. 1) BUTLER::BRAIN: a text agent
pre-trained with the TextWorld engine (indicated by the dashed yellow box) which simulates an abstract
textual equivalent of the embodied world. When subsequently applied to embodied tasks, it generates
high-level actions that guide the controller. 2) BUTLER::VISION: a state estimator that translates, at each
time step, the visual frame vt from the embodied world into a textual observation ot using a pre-trained
Mask R-CNN detector. The generated observation ot, the initial observation o0, and the task goal g are
used by the text agent the to predict the next high-level action at. 3) BUTLER::BODY: a controller that
translates the high-level text action at into a sequence of one or more low-level embodied actions.

We investigate learning in the abstract language modality before generalizing to the em-
bodied setting. The BUTLER agent uses three components to span the language and embod-
ied modalities: BUTLER::BRAIN – the abstract text agent, BUTLER::VISION – the language state
estimator, and BUTLER::BODY – the low-level controller. An overview of BUTLER is shown in
Figure 5.2 and each component is described below.

5.4.1 BUTLER::BRAIN (Text Agent)

BUTLER::BRAIN is a novel text-based game agent that generates high-level text actions in a
token-by-token fashion akin to Natural Language Generation (NLG) approaches for dialogue
[246] and summarization [87]. An overview of the agent’s architecture is shown in Figure 5.3.
At game step t, the encoder takes the initial text observation o0, current observation ot, and the
goal description g as input and generates a context-aware representation of the current state.

Encoder Aggregator Decoder𝑜𝑡 𝑎𝑡

ℎ𝑡−1

ℎ𝑡

Observation 
Queue

𝑔

𝑜0

FIGURE 5.3: BUTLER::BRAIN. The text agent takes
the initial/current observations o0/ot, and goal g to
generate a textual action at token-by-token.

The observation o0 explicitly lists all the nav-
igable receptacles in the scene, and goal g
is sampled from a set of language templates
(see Appendix D.8). Since the games are
partially observable, the agent only has ac-
cess to the observation describing the effects
of its previous action and its present loca-
tion. Therefore, we incorporate two memory
mechanisms to imbue the agent with history:
(1) a recurrent aggregator, adapted from [309], combines the encoded state with recurrent state
ht−1 from the previous game step; (2) an observation queue feeds in the k most recent, unique
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textual observations. The decoder generates an action sentence at token-by-token to interact
with the game. The encoder and decoder are based on a Transformer Seq2Seq model with
pointer softmax mechanism [96]. We leverage pre-trained BERT embeddings [237], and tie
output embeddings with input embeddings [222]. The agent is trained in an imitation learn-
ing setting with DAgger [234] using expert demonstrations. See Appendix D.1 for complete
details. When solving a task, an agent might get stuck at certain states due to various failures
(e.g., action is grammatically incorrect, wrong object name). The observation for a failed action
does not contain any useful feedback, so a fully deterministic actor tends to repeatedly produce
the same incorrect action. To address this problem, during evaluation in both TextWorld and
ALFRED, BUTLER::BRAIN uses Beam Search [227] to generate alternative action sentences in
the event of a failed action. But otherwise greedily picks a sequence of best words for effi-
ciency. Note that Beam Search is not used to optimize over embodied interactions like prior
work [284]. but rather to simply improve the generated action sentence during failures.

5.4.2 BUTLER::VISION (State Estimator)

At test time, agents in the embodied world must operate purely from visual input. To this end,
BUTLER::VISION’s language state estimator functions as a captioning module that translates vi-
sual observations vt into textual descriptions ot. Specifically, we use a pre-trained Mask R-CNN
detector [106] to identify objects in the visual frame. The detector is trained separately in a su-
pervised setting with random frames from ALFRED training scenes (see Appendix D.4). For
each frame vt, the detector generates N detections {(c1, m1), (c2, m2), . . . , (cN , mN)}, where cn

is the predicted object class, and mn is a pixel-wise object mask. These detections are format-
ted into a sentence using a template e.g., On table 1, you see a mug 1, a tomato 1, and
a tomato 2. To handle multiple instances of objects, each object is associated with a class cn

and a number ID e.g., tomato 1. Commands goto, open, and examine generate a list of detec-
tions, whereas all other commands generate affirmative responses if the action succeeds e.g., at:
put mug 1 on desk 2 → ot+1: You put mug 1 on desk 2, otherwise produce Nothing happens
to indicate failures or no state-change. See Appendix D.7 for a full list of templates. While this
work presents preliminary results with template-based descriptions, future work could gen-
erate more descriptive observations using pre-trained image-captioning models [136], video-
action captioning frameworks [262], or scene-graph parsers [267].

5.4.3 BUTLER::BODY (Controller)

The controller translates a high-level text action at into a sequence of L low-level physical ac-
tions {â1, â2, . . . , âL} that are executable in the embodied environment. The controller handles
two types of commands: manipulation and navigation. For manipulation actions, we use the
ALFRED API to interact with the simulator by providing an API action and a pixel-wise mask
based on Mask R-CNN detections mn that was produced during state-estimation. For naviga-
tion commands, each episode is initialized with a pre-built grid-map of the scene, where each
receptacle instance is associated with a receptacle class and an interaction viewpoint (x, y, θ, ϕ)

with x and y representing the 2D position, θ and ϕ representing the agent’s yaw rotation and
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camera tilt. The goto command invokes an A* planner to find the shortest path between two
viewpoints. The planner outputs a sequence of L displacements in terms of motion primitives:
MOVEAHEAD, ROTATERIGHT, ROTATELEFT, LOOKUP, and LOOKDOWN, which are executed in an
open-loop fashion via the ALFRED API. We note that a given pre-built grid-map of receptacle
locations is a strong prior assumption, but future work could incorporate existing models from
the vision-language navigation literature [13, 284] for map-free navigation.

5.5 Experiments

We design experiments to answer the following questions: (1) How important is an interactive
language environment versus a static corpus? (2) Do policies learnt in TextWorld transfer to
embodied environments? (3) Can policies generalize to human-annotated goals? (4) Does
pre-training in an abstract textual environment enable better generalization in the embodied
world?

5.5.1 Importance of Interactive Language

The first question addresses our core hypothesis that training agents in interactive TextWorld
environments leads to better generalization than training agents with a static linguistic corpus.
To test this hypothesis, we use DAgger [234] to train the BUTLER::BRAIN agent in TextWorld
and compare it against Seq2Seq, an identical agent trained with Behavior Cloning from an
equivalently-sized corpus of expert demonstrations. The demonstrations come from the same
expert policies and we control the number of episodes to ensure a fair comparison. Table 5.2
presents results for agents trained in TextWorld and subsequently evaluated in embodied en-
vironments in a zero-shot manner. The agents are trained independently on individual tasks
and also jointly on all six task types. For each task category, we select the agent with best eval-
uation performance in TextWorld (from 8 random seeds); this is done separately for each split:
seen and unseen. These best-performing agents are then evaluated on the heldout seen and
unseen embodied ALFREDtasks. For embodied evaluations, we also report goal-condition
success rates, a metric proposed in ALFRED [252] to measure partial goal completion.3

Comparing ALFWorld to Seq2Seq, we see improved performance on all types of seen
tasks and five of the seven types of unseen tasks, supporting the hypothesis that interactive
TextWorld training is a key component in generalizing to unseen embodied tasks. Interactive
language not only allows agents to explore and build an understanding of successful action
patterns, but also to recover from mistakes. Through trial-and-error the BUTLER agent learns
task-guided heuristics, e.g., searching all the drawers in kitchen to look for a knife. As Ta-
ble 5.2 shows, these heuristics are subsequently more capable of generalizing to the embodied
world. More details on TextWorld training and generalization performance can be found in
Section 5.6.1.

3For instance, the task “put a hot potato on the countertop” is composed of three goal-conditions: (1) heating
some object, (2) putting a potato on the countertop, (3) heating a potato and putting it on the countertop. If the
agent manages to put any potato on the countertop, then 1/3 = 0.33 goal-conditions are satisfied, and so on.
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TextWorld Seq2Seq ALFWorld ALFWorld-ORACLE Human Goals
task-type seen unseen seen unseen seen unseen seen unseen seen unseen

Pick & Place 69 50 28 (28) 17 (17) 30 (30) 24 (24) 53 (53) 31 (31) 20 (20) 10 (10)
Examine in Light 69 39 5 (13) 0 (6) 10 (26) 0 (15) 22 (41) 12 (37) 2 (9) 0 (8)
Clean & Place 67 74 32 (41) 12 (31) 32 (46) 22 (39) 44 (57) 41 (56) 18 (31) 22 (39)
Heat & Place 88 83 10 (29) 12 (33) 17 (38) 16 (39) 60 (66) 60 (72) 8 (29) 5 (30)
Cool & Place 76 91 2 (19) 21 (34) 5 (21) 19 (33) 41 (49) 27 (44) 7 (26) 17 (34)
Pick Two & Place 54 65 12 (23) 0 (26) 15 (33) 8 (30) 32 (42) 29 (44) 6 (16) 0 (6)
All Tasks 40 35 6 (15) 5 (14) 19 (31) 10 (20) 37 (46) 26 (37) 8 (17) 3 (12)

TABLE 5.2: Zero-shot Domain Transfer. Left: Success percentages of the best BUTLER::BRAIN agents
evaluated purely in TextWorld. Mid-Left: Success percentages after zero-shot transfer to embodied envi-
ronments. Mid-Right: Success percentages of BUTLER with an oracle state-estimator and controller, an
upper-bound. Right: Success percentages of BUTLER with human-annotated goal descriptions, an addi-
tional source of generalization difficulty. All successes are averaged across three evaluation runs. Goal-
condition success rates [252] are given in parentheses. The Seq2Seq baseline is trained in TextWorld
from pre-recorded expert demonstrations using standard supervised learning. ALFWorld is our main
model using the Mask R-CNN detector and A* navigator. ALFWorld-ORACLE uses an oracle state-
estimator with ground-truth object detections and an oracle controller that directly teleports between
locations.

5.5.2 Transferring to Embodied Tasks

Since TextWorld is an abstraction of the embodied world, transferring between modalities in-
volves overcoming domain gaps that are present in the real world but not in TextWorld. For
example, the physical size of objects and receptacles must be respected – while TextWorld will
allow certain objects to be placed inside any receptacle, in the embodied world it might be
impossible to put a larger object into a small receptacle (e.g. a large pot into a microwave).

Subsequently, a TextWorld-trained agent’s ability to solve embodied tasks is hindered by
these domain gaps. So to study the transferability of the text agent in isolation, we intro-
duce ALFWorld-ORACLE in Table 5.2, an oracle variant of BUTLER which uses perfect state-
estimation, object-detection, and navigation. Despite these advantages, we nevertheless ob-
serve a notable drop in performance from TextWorld to ALFWorld-ORACLE. This perfor-
mance gap results from the domain gaps described above as well as misdetections from Mask
R-CNN and navigation failures caused by collisions. Future work might address this issue by
reducing the domain gap between the two environments, or performing additional fine-tuning
in the embodied setting.

The supplementary video contains qualitative examples of the BUTLER agent solving tasks
in unseen environments. It showcases 3 successes and 1 failure of a TextWorld-only agent
trained on All Tasks. In “put a watch in the safe”, the agent has never seen the ‘watch’-‘safe’
combination as a goal.

5.5.3 Generalizing to Human-Annotated Goals

BUTLER is trained with templated language, but in realistic scenarios, goals are often posed
with open-ended natural language. In Table 5.2, we present Human Goals results of BUTLER
evaluated on human-annotated ALFREDgoals, which contain 66 unseen verbs (e.g., ‘wash’,
‘grab’, ‘chill’) and 189 unseen nouns (e.g., ‘rag’, ‘lotion’, ‘disc’; see Appendix D.8 for full list).
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Surprisingly, we find non-trivial goal-completion rate indicating that certain categories of task,
such as pick and place, are quite generalizable to human language. While these preliminary
results with natural language are encouraging, we expect future work could augment the tem-
plated language with synthetic-to-real transfer methods [184] for better generalization.

5.5.4 To Pretrain or not to Pretrain in TextWorld?

Training Strategy
train
succ

%

seen
succ

%

unseen
succ

%

train speed
eps/s

EMBODIED-ONLY 21.6 33.6 23.1 0.9
TW-ONLY 23.1 27.1 34.3 6.1
HYBRID 11.9 21.4 23.1 0.7

TABLE 5.3: Training Strategy Success. Trained on
All Tasks for 50K episodes and evaluated in embod-
ied scenes using an oracle state-estimator and con-
troller.

Given the domain gap between TextWorld
and the embodied world, Why not eliminate
this gap by training from scratch in the embodied
world? To answer this question, we investi-
gate three training strategies: (i) EMBODIED-
ONLY: pure embodied training, (ii) TW-
ONLY: pure TextWorld training followed by
zero-shot embodied transfer and (iii) HYBRID

training that switches between the two envi-
ronments with 75% probability for TextWorld and 25% for embodied world. Table 5.3 presents
success rates for these agents trained and evaluated on All Tasks. All evaluations were con-
ducted with an oracle state-estimator and controller. For a fair comparison, each agent is
trained for 50K episodes and the training speed is recorded for each strategy. We report peak
performance for each split.

Results indicate that TW-ONLY generalizes better to unseen environments while EMBODIED-
ONLY quickly overfits to seen environments (even with a perfect object detector and teleport
navigator). We hypothesize that the abstract TextWorld environment allows the agent to fo-
cus on quickly learning tasks without having to deal execution-failures and expert-failures
caused by physical constraints inherent to embodied environments. TextWorld training is also
7× faster4 since it does not require running a rendering or physics engine like in the embod-
ied setting. See Section D.6 for more quantitative evaluations on the benefits of training in
TextWorld.

5.6 Ablations

We conduct ablation studies to further investigate: (1) The generalization performance of BUT-

LER::BRAIN within TextWorld environments, (2) The ability of unimodal agents to learn directly
through visual observations or action history, (3) The importance of various hyper-parameters
and modeling choices for the performance of BUTLER::BRAIN.

4For a fair comparison, all agents in Table 5.3 use a batch-size of 10. AI2-THOR instances use 100MB×batch-size
of GPU memory for rendering, whereas TextWorld instances are CPU-only and are thus much easier to scale up.
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Pick &
Place

Examine
in Light

Clean &
Place

Heat &
Place

Cool &
Place

Pick Two
& Place

All Tasks

tn sn un tn sn un tn sn un tn sn un tn sn un tn sn un tn sn un

BUTLER 54 61 46 59 39 22 37 44 39 60 81 74 46 60 100 27 29 24 16 40 37
BUTLERg 54 43 33 59 31 17 37 30 26 60 69 70 46 50 76 27 38 12 16 19 22
Seq2Seq 31 26 8 44 31 11 34 30 42 36 50 30 27 32 33 17 8 6 9 10 9

TABLE 5.4: Generalization within TextWorld environments. We independently train BUTLER::BRAIN

on each type of TextWorld task and evaluate on heldout scenes of the same type. Respectively, tn/sn/un
indicate success rate on train/seen/unseen tasks. All sn and un scores are computed using the random
seeds (from 8 in total) producing the best final training score on each task type. BUTLER is trained with
DAgger and performs beam search during evaluation. Without beam search, BUTLERg decodes actions
greedily and gets stuck repeating failed actions. Further removing DAgger and training the model in a
Seq2Seq fashion leads to worse generalization. Note that tn scores for BUTLER are lower than sn and
un as they were computed without beam search.

5.6.1 Generalization within TextWorld

We train and evaluate BUTLER::BRAIN in abstract TextWorld environments spanning the six
tasks in Table 5.4, as well as All Tasks. Similar to the zero-shot results presented in Section 5.5.2,
the All Tasks setting shows the extent to which a single policy can learn and generalize on the
large set of 3,553 different tasks, but here without having to deal with failures from embodied
execution.

We first experimented with training BUTLER::BRAIN through reinforcement learning (RL)
where the agent is rewarded after completing a goal. Due to the infesibility of using candidate
commands or command templates as discussed in Section D.9, the RL agent had to generate
actions token-by-token. Since the probability of randomly stumbling upon a grammatically
correct and contextually valid action is very low (7.02e-44 for sequence length 10), the RL
agent struggled to make any meaningful progress towards the tasks.

After concluding that current reinforcement learning approaches were not successful on
our set of training tasks, we turned to DAgger [234] assisted by a rule-based expert (detailed in
Appendix D.5). BUTLER::BRAIN is trained for 100K episodes using data collected by interacting
with the set of training games.

Results in Table 5.4 show (i) Training success rate varies from 16-60% depending on the
category of tasks, illustrating the challenge of solving hundreds to thousands of training tasks
within each category. (ii) Transferring from training to heldout test games typically reduces
performance, with the unseen rooms leading to the largest performance drops. Notable excep-
tions include heat and cool tasks where unseen performance exceeds training performance.
(iii) Beam search is a key contributor to test performance; its ablation causes a performance
drop of 21% on the seen split of All Tasks. (iv) Further ablating the DAgger strategy and
directly training a Sequence-to-Sequence (Seq2Seq) model with pre-recorded expert demon-
strations causes a bigger performance drop of 30% on seen split of All Tasks. These results
suggest that online interaction with the environment, as facilitated by DAgger learning and
beam search, is essential for recovering from mistakes and sub-optimal behavior.
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5.6.2 Unimodal Baselines
Agent

seen
(succ %)

unseen
(succ %)

BUTLER 18.8 10.1
VISION (RESNET18) 10.0 6.0
VISION (MCNN-FPN) 11.4 4.5
ACTION-ONLY 0.0 0.0

TABLE 5.5: Unimodal Baselines. Trained
on All Tasks with 50K episodes and eval-
uated in the embodied environment.

Table 5.5 presents results for unimodal baseline com-
parisons to BUTLER. For all baselines, the action space
and controller are fixed, but the state space is substi-
tuted with different modalities. To study the agents’
capability of learning a single policy that generalizes
across various tasks, we train and evaluate on All
Tasks. In VISION (RESNET18), the textual observation
from the state-estimator is replaced with ResNet-18 fc7 features [107] from the visual frame.
Similarly, VISION (MCNN-FPN) uses the pre-trained Mask R-CNN from the state-estimator
to extract FPN layer features for the whole image. ACTION-ONLY acts without any visual or
textual feedback. We report peak performance for each split.

The visual models tend to overfit to seen environments and generalize poorly to unfa-
miliar environments. Operating in text-space allows better transfer of policies without need-
ing to learn state representations that are robust to visually diverse environments. The zero-
performing ACTION-ONLY baseline indicates that memorizing action sequences is an infeasible
strategy for agents.

5.6.3 Model Ablations
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FIGURE 5.4: Model ablations on All Tasks. x-axis: 0 to 50k
episodes; y-axis: normalized success from 0 to 75%.

Figure 5.4 illustrates more factors
that affect the performance of BUT-

LER::BRAIN. The three rows of plots
show training curves, evaluation curves
in seen and unseen settings, respec-
tively. All experiments were trained
and evaluated on All Tasks with 8 ran-
dom seeds.

In the first column, we show the
effect of using different observation
queue lengths k as described in Sec-
tion 5.4.1, in which size 0 refers to not
providing any observation information
to the agent. In the second column, we examine the effect of explicitly keeping the initial
observation o0, which lists all the receptacles in the scene. Keeping the initial observation o0 fa-
cilitates the decoder to generate receptacle words more accurately for unseen tasks, but may be
unnecessary in seen environments. The third column suggests that the recurrent component in
our aggregator is helpful in making history-based decisions particularly in seen environments
where keeping track of object locations is useful. Finally, in the fourth column, we see that
using more training games can lead to better generalizability in both seen and unseen settings.
Fewer training games achieve high training scores by quickly overfitting, which lead to zero
evaluation scores.
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5.7 Limitations

Although BUTLER’s design nicely abstracts away the complexities of embodied environments,
it somewhat contradicts the insights from CLIPort and PERACT that argue for end-to-end
approaches without intermediate states. This leads to some familiar issues from traditional
robotics.

Dependence on Good State-Estimator and Low-Level Controller. BUTLER’s success relies on
a good state-estimator and low-level controller. Any errors in language descriptions generated
by the state-estimator or failures in the open-loop execution of high-level actions is hard to cor-
rect with a text-only controller. While the use of abstractions to decouple the planning process
from perception and control harks back approaches in traditional symbolic planning [187, 138],
it is unclear if planning can be entirely decoupled from sensing and actuation.

Using Language as the State Representation. Using language as the state representation is
intuitive and appealing, but not everything can be described in language. Consider the long
and elaborate process of making hand-pulled noodles5. Language might be great for describ-
ing high-level details like the dough needs to be stretched, but no so much for low-level things
like how exactly each piece of dough should be stretched. Perhaps language can only be used to
capture high-level abstractions of long-horizon processes, but it is unclear when and where
exactly this boundary of abstraction begins and ends. Also, it might be better to acquire or
evolve language through natural interactions rather than rely on human annotations.

Sim-to-Real Transfer. Similar to ALFRED, the low fidelity of both TextWorld and embodied
simulators might limit sim-to-real transfer capabilities of pre-trained agents. The TextWorld
Engine is limited in scope in terms of linguistic diversity, and AI2-THOR abstracts away real-
world issues like sensor noise and non-deterministic actions. Nonetheless, experimental re-
sults from ALFWorld indicate that approaches like BUTLER might scale effectively in the real-
world given sufficient data.

Use of Object Detectors. The use of Mask-RCNN for detecting objects for state-estimation is
also limiting. Some objects might be too small to “detect” like flour particles, and some may
not be amenable to the concept of objects at all, such as water, steam, noodles, and cloths. The
bottleneck of using detector outputs also suffers from similar limitations to using language as
the state representation: not everything can be “detected” easily.

5.8 Discussion

We introduced ALFWorld, the first interactive text environment with aligned embodied worlds.
ALFWorld allows agents to explore, interact, and learn abstract polices in a textual environ-
ment. Pre-training our novel BUTLER agent in TextWorld, we show zero-shot generalization
to embodied tasks in the ALFRED dataset. The results indicate that reasoning in textual space
allows for better generalization to unseen tasks and also faster training, compared to other
modalities like vision.

5https://www.youtube.com/watch?v=f2kesmAO8VU

https://www.youtube.com/watch?v=f2kesmAO8VU


73

Chapter 6

Counterpoints

Like with most conceptual frameworks, ideas are not without flaws. In this section, we present
some counterpoints to the arguments and formulations made in this thesis. We briefly describe
scenarios in which language, action-centric representations, end-to-end learning, and embod-
iment might be limited in solving certain problems or hinder generalization capabilities.

6.1 Language is limited for goal-specification and planning

Language is an intuitive medium for specifying goals, but sometimes it is tedious or infeasible
to describe all the details. Consider the task of “baking a rainbow cake”. There are thousands of
possible “rainbow cakes” that fit the criteria, but a user might have a specific type of cake in
mind, with certain frosting, toppings, and decorations. It is much easier to show a photo of a
rainbow cake than to communicate these details in language.

Similarly, a symbolic medium like language might not be strictly necessary for long-horizon
planning. Natural language is at most 150,000 years old, but humans have been capable of car-
rying out very long-horizon tasks far before this period. Furthermore, other animals like cats
and dogs are considerably more capable than today’s robots in terms of physical skills, despite
lacking human-like languages. It is unclear if language is a wrapper around long-term and
abstract reasoning, or if language itself is part of the reasoning mechanism (although some
recent evidence [76] supports the former case).

6.2 Action-centric agents struggle with compositional generalization

While CLIPort and PERACT can manipulate unconventional objects like deformable materials
and granular media, their action-centric representations struggle to exhibit the same composi-
tional generalization as traditional object-centric representations. This is apparent in our sim-
ulation results (Section 3.4.2), where we observe that agents are not perfect at putting together
seen concepts in unseen goal compositions. Object-centric representations represent scenes
with reusable symbolic units that naturally allow for novel compositions. By abstracting away
low-level details on what makes a mug a mug, object-centric models avoid over-fitting repre-
sentations to specific tasks and environments, e.g., the exact texture of a mug or its surround-
ing objects. In scenarios where compositional grounding has to be guaranteed either due to
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safety or high-performance requirements, traditional object-centric representations might be
still preferable. For instance, a self-driving car reading a road-sign might be safer running
an object-detector to discern direction arrows, instead of determining the sign direction in an
end-to-end image-to-action fashion.

6.3 Just behavior-cloning is insufficient

ALFRED, CLIPort, PERACT, and ALFWorld are all trained with behavior-cloning. However,
this supervised learning paradigm is limited in generalizing beyond the training data. For vi-
sion and language models, internet data might sufficiently cover a broad range of scenarios in
their respective domains, but this is not the case for robotics. It is difficult, if not impossible,
to account for all possible scenarios across different environments, timescales, and state-action
spaces. Furthermore, behavior-cloning assumes that the data used to train the agent is col-
lected by an expert, typically a human user. Asking a human to demonstrate what the robot
should do in all possible scenarios is physically infeasible. These limitations hinder the scala-
bility and generalization capabilities of trained agents.

To address these issues, one alternative paradigm is to use reinforcement learning for both
data collection and exploration of novel environments. However, this approach presents ad-
ditional challenges, such as the need for a reward model, reset mechanism, and large amounts
of environment interactions. Recent methods have attempted to overcome these challenges by
fine-tuning behavior-cloned policies with reinforcement learning [157]. By doing so, agents
can learn to explore new environments and generalize beyond the training data.

6.4 Purely reactive systems are limited

For a lot of tasks, reactive systems like CLIPort and PERACT are insufficient. Reactive systems
map observations directly to actions without considering past experiences or anticipating fu-
ture events. Partially-observable tasks require the ability to remember past experiences, such
as retrieving items from a previously checked drawer. In humans, memory plays a signifi-
cant role in decision-making. Different types of memory, such as muscle memory for motor
skills, semantic memory for general knowledge, and episodic memory for events, are crucial
for solving daily tasks. Without memory, agents can become stuck in loops and fail to make
progress.

In addition to memory, foresight is another essential factor for making decisions. Humans
use foresight to plan actions in advance and avoid suboptimal behavior in the long-run. While
ALFWorld briefly explores learning high-level plans in language, it does not choose between
potential future actions based on some forward model of the world. Overall, relying solely
on reactive methods does not provide the level of decision-making required for complex tasks
that require memory and foresight.
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6.5 Embodiment is not strictly necessary

While this thesis argues for the importance of grounding vision and language in embodiment
and actions, recent disembodied models such as GPT [37] and CLIP [224] have demonstrated
impressive capabilities in understanding the physical world. These models suggest that it is
possible to learn some representations of language using language-only data, and of vision
using mostly visual data. For tasks like Optical Character Recognition (OCR) that involve
reading text in images, or answering questions about a document, or engaging in abstract
conversations, embodiment is not strictly necessary.

Further, the latest generative models like ChatGPT and GPT-4 demonstrate a decent under-
standing of physical commonsense [38] despite not being trained on embodied data. It may be
that the internet has good enough converge of physical phenomenon in text format. However,
it is unclear if this text-based information is comprehensive enough to cover future events that
we humans have yet to experience, such as the introduction of new gadgets and our subse-
quent physical interactions with them. It remains to be seen if disembodied models possess
the ability to reason about these future events with the same level of accuracy and efficiency
as embodied agents.

6.6 End-to-end robot learning is limited

Although end-to-end learning is an appealing paradigm, it has a few drawbacks. It can be dif-
ficult to understand why a particular action was taken and how to correct undesired behavior.
This lack of transparency could be problematic if end-to-end learning systems are deployed in
real-world environments with minimal human supervision, potentially resulting in safety is-
sues. Additionally, end-to-end learning models are susceptible to adversarial attacks, whereby
small perturbations to the input could dramatically alter the agent’s output [75].

Furthermore, the end-to-end learning paradigm lacks modularity, which can limit the re-
usability of individual components of the system. This limited re-usability also results in in-
creased data requirements where end-to-end methods usually rely on significantly more data
than modular counterparts.
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Chapter 7

Conclusion

In this thesis, we presented various methods for embodied agents to act with language by inte-
grating paradigms from computer vision, natural language processing, and robotics. First, we
presented a large-scale benchmark for guiding agents with language goals in simulated house-
hold environments. This problem setup highlighted several challenges for future butler robots,
such as long-horizon reasoning, partial observability, and irrerversible actions. Next, we pre-
sented methods to enhance the expressivity of the agent’s action-space by directly ground-
ing language goals in precise 2D and 3D manipulation actions. By aligning the perception
and action spaces, we learned perceptual representations of actions conditioned on language goals
in a data-efficient manner. Further, by avoiding explicit scene representations like symbols,
graphs, object poses, and segmentations, we could directly predicted actions for manipulating
deformable objects, granular media, and other unconventional objects. Finally, we extended
these capabilities to long-horizon tasks by using language as a medium for learning abstract
policies.

All these approaches showcase the power of scaling-up simple methods with data to solve
complex robotics problems. But as with any research area, a number of open challenges re-
main. In the following sections, we highlight some potential future directions.

Dynamic and Continuous Tasks. One interesting direction is extending end-to-end manip-
ulation to highly dynamic tasks like throwing, twisting, pouring, and forceful interactions.
Currently, CLIPort and PERACT use a discretized action-space that is applicable to a wide
range of quasi-static tasks. However, extending this approach to non-quasi-static tasks that
involve high-frequency perception-action feedback is non-trivial. One simple extension is to
predict a sequence of future actions for k steps and execute only the first k − t actions, follow-
ing a Model-Predictive-Control (MPC) paradigm. Also, instead of selecting a single pixel or
voxel location, the model could be trained to predict entire 2D/3D trajectories or waypoints,
and use splining to generate smooth continuous actions. Dynamic behavior may also require
the prediction of other physical parameters like target velocities, accelerations, and jerks, in ad-
dition to end-effector positions. This approach has been successful in TossingBot [312], which
predicts target velocities for throwing objects in addition to grasping affordances.
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More Embodiments. Current robotics hardware is not limited to single-arm manipulators.
There exist other embodiments, such as bi-manual manipulators, multi-fingered hands, and
suction-and-parallel gripper hybrids, that can be easily mounted on mobile platforms, includ-
ing holonomic and non-holonomic wheel bases, legged robots, aerial vehicles, and underwater
vehicles. While extending PERACT and CLIPort to high-dimensional action-spaces, such as
those of multi-fingered hands, is generally challenging, it might be possible to adapt them for
other embodiments by aligning the observation and action spaces. For bi-manual manipula-
tion, PERACT’s decoder could be split to predict two gripper actions. For suction-and-parallel
gripper hybrids, separate affordance maps could be predicted for each modality [313]. For
navigation with wheeled robots on flat terrains, CLIPort could predict 2D waypoints on a
birds-eye map. Similarly, for navigating in airspace or underwater, PERACT could predict 3D
waypoints and trajectories.

Scaling-up Data Collection. The biggest bottleneck in scaling-up robot learning is collecting
data. Unlike scraping images or text from the internet, teleoping (or tele-operating) demon-
strations with physical robots is time consuming, expensive, and hard to parallelize. One
solution could be to build better teleop systems with low cost hardware [318] to speed-up and
improve the ease of data collection. Using better interfaces like virtual-reality setups [18] and
hand-tracking based controllers [2] could also help. Alternatively, learning skills from human
videos on the internet [295, 247] could reduce the amount of in situ data that has to be physi-
cally collected with a robot. Beside internet videos, it might be feasible to collect large amounts
of “play data” by allowing humans to explore the scene quickly [283] without being slowed
down by teleop.

Better Integration with Internet-Pretrained Models. Despite efforts to scale-up robot data,
it is unlikely that they can match the sheer quantity and diversity of data available on the
internet. Therefore, making use of pre-trained vision and language models from the inter-
net to bootstrap learning will continue to be important for robot learning, at least in the near
future. While CLIPort was a first attempt in using pre-trained vision-language models like
CLIP, there might be better ways of integrating such models. In Flamingo [9], a frozen lan-
guage model (Chinchilla-70B [110]) is surgically spliced between vision encoders to train a
general-purpose vision-model. Since the language model is trained on significantly more text
data, keeping it frozen avoids catastrophic forgetting when fine-tuned on much smaller vision
datasets. And since there is even less data in robotics, it makes sense to freeze both the vision
and language layers of a large model like Flamingo, and only fine-tune some action-decoder
layers with robot data. This approach could potentially lead to some new zero-shot general-
ization capabilities that robots currently lack. However, it is not easy to fine-tune large models
like Chinchilla or Flamingo in practice1.

1https://docs.google.com/document/d/1ZNGyVWYFUbzV0xuei4SED2QAakGjMpaaQALcKYQm46U/edit

https://docs.google.com/document/d/1ZNGyVWYFUbzV0xuei4SED2QAakGjMpaaQALcKYQm46U/edit
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Safety and Ethical Considerations. The use of internet pre-trained models for robotics appli-
cations raises a number of safety and ethical concerns. Large language models and vision-
language frameworks are prone to biases on the internet [25, 24, 90] that contain harmful
stereotypes related to gender, race, and sexual orientation. Directly using these frameworks
in end-to-end robot learning applications could lead to unintended consequences that might
harm certain groups of people. Unlike passive applications like image or text generation, these
issues are further exacerbated by the fact that robots can take physical actions in the real-world.
It is prudent to thoroughly study and mitigate any biases before deploying pre-trained agents.
Therefore, for real-world applications, it is recommended to have human supervisors in the
loop during both training and testing. The usage of internet pre-trained models with unseen
objects and observations with humans is not recommended for safety-critical systems.

***

Language provides a natural interface for guiding agents to achieve goals, and also a pow-
erful tool for abstracting complex perceptual and physical phenomenon with generalizable
representations. Integrating vision and language with agency brings us one-step closer to the
long-standing dream of assistive robots that can take care of our everyday needs and alleviate
the burden of human labor.
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Appendix A

ALFRED

A.1 Dataset Details

We give additional information about the generation of expert demonstrations in AI2-THOR,
language directives, the annotation interface used to collect directives, and samples of annota-
tions with their associated demonstrations.

A.1.1 Expert Demonstrations

When sampling task parameters, we employ an active strategy to maximize data heterogene-
ity. Figure A.1 shows the distribution of high-level task across train, validation seen, and
validation unseen folds. Figure A.1 shows the distribution of subgoals across task types. And
Figure A.5 and Figure A.6 give the distributions of pickup objects and receptacles across the
dataset. Each task parameter sample is defined by (t, s, o, r, m), where

• t = the task type;
• s = the scene in AI2-THOR;
• o = the object class to be picked up;
• r = the final destination for o or ∅ for Examine;
• m = the secondary object class for Stack & Place tasks (∅ for other task types).

To construct the next tuple, we first find the largest source of imbalance in the current set
of tuples. For example if o = apple is more common than o = plunger, o = plunger will be
ranked higher than o = apple. We additionally account for the prior distribution of each entity
(e.g.,, if cup is already represented in the data often as both o and m, it becomes disfavored by
the sampling algorithm for all slots). We do this greedily across all slots until the tuple is com-
plete. Given any partial piece of information about the task, the distributions of the remaining
task parameters remain heterogeneous under this sampling, weakening baseline priors such
as ignoring the language input and always executing a common task in the environment.

Once a task parameter sample is complete, the chosen scene is instantiated, objects and
agent start position are randomized, and the relevant room data is encoded into PDDL rules
for an expert demonstration. If the PDDL planner cannot generate an expert demonstration
given the room configuration, or if the agent fails an action during execution, for example
by running into walls or opening doors onto itself due to physical constraints, the episode
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Task Type
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FIGURE A.1: Task and Subgoal Distributions. (Left) Task distribution across train, validation seen and
unseen dataset splits. (Right) Subgoal distribution across 7 task types.

is abandoned. We gather three distinct expert demonstrations per task parameter sample.
These demonstrations are further vetted by rolling them forward using our wrapper to the
AI2-THOR API to ensure that a “perfect” model can reproduce the demonstration. The full
sampling generation and verification code will be published along with the dataset.

A.1.2 Example Language Directives

We chose to gather three directives per demonstration empirically. For a subset of over 700
demonstrations, we gathered up to 6 language directives from different annotators. We find
that after three annotations, fewer than 10 unique tokens on average are introduced by addi-
tional annotators (Figure A.2).

A.1.3 Annotation Interface

1 2 3 4 5 6
Number of Annotations
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FIGURE A.2: The number of unique tokens intro-
duced per annotation of language directives.

Figure A.3 shows the Mechanical Turk in-
terface used to gather language annotations.
Workers were presented with a video of
the expert demonstration with timeline seg-
ments indicating sub-goals. The workers
annotated each segment while scrubbing
through the video, and wrote a short sum-
mary description for the entire sequence. We
payed workers $0.7 per annotation. During
vetting, annotators were paid $0.35 per HIT
(Human Interaction Task) to compare 5 sets
of three directives each. These wages were
set based on local minimum-wage rates and
average completion time.

A.1.4 Vocabulary Distributions

Figure A.7 shows vocabulary statistics of the language in ALFRED.



104

FIGURE A.3: Mechanical Turk Interface. Annota-
tion data collection setup.

Val Seen

Val Unseen

Action: Close

Action: ToggleOn Action: Pickup

Action: Pickup

FIGURE A.4: Predicted Interaction Masks. Masks
generated by the SEQ2SEQ+PM model are dis-
played in green.

A.1.5 Dataset Examples

Figure A.8 shows 7 expert trajectories (one per task type) and their accompanied annotations.

A.2 Implementation Details

We describe implementation and training details of our baseline Sequence-to-Sequence mod-
els.

Preprocessing We tokenize the language directives and convert all tokens to lower-case.
During dataset generation, we save images from AI2-THOR 300 × 300 pixels, and later resize
them to 224 × 224 during training. The generation pipeline saves initialization information
for objects and the agent, so all demonstration can be perfectly replayed in the simulator. Re-
searchers can use this replay feature to augment the dataset by saving high-res images, depth
maps, or object-segmentation masks.

Network Architecture We use a pretrained ResNet-18 [107] to extract 512 × 7 × 7 features
from the conv5 layer. These features are fed into a two-layer CNN with 1 × 1 convolutions
to reduce the channel dimension from 512 to 64. The 64 × 7 × 7 output is flattened, and a
fully-connected layer produces a 2500-dimensional visual feature vt.
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Task Ablations - Validation
NO LANGUAGE SEQ2SEQ SEQ2SEQ+PM

Task Type Seen Unseen Seen Unseen Seen Unseen

Pick & Place 0.0 0.0 6.3 1.0 7.0 0.0
Stack & Place 0.0 0.0 0.0 0.0 0.9 0.0
Pick Two 0.0 0.0 1.6 0.0 0.8 0.0
Clean & Place 0.0 0.0 0.0 0.0 1.8 0.0
Heat & Place 0.0 0.0 1.9 0.0 1.9 0.0
Cool & Place 0.0 0.0 2.4 0.0 4.0 0.0
Examine 0.0 0.0 4.3 0.0 9.6 0.0

TABLE A.1: Success Percentages Across 7 Task Types. The highest values are shown in blue.

The language encoder is a bi-directional LSTM with a hidden-dimension of 100. We do not
use pretrained language models to initialize the LSTM, and the encodings are learned from
scratch in an end-to-end manner. We also use a self-attention mechanism to attend over the
encodings to initialize the hidden-state of the decoder LSTM.

The action decoder is an LSTM with a hidden-dimension of 512. The actor is a fully-
connected layer that outputs logits for 13 actions. The mask decoder is a three-layer decon-
volution network, which takes in the concatenated vector ut and transforms it into 64 × 7 × 7
features with a fully-connected layer. These features are subsequently up-scaled into a
1 × 300 × 300 binary mask through three layers of deconvolutions and up-sampling with bi-
linear interpolation.

Training The models were implemented with PyTorch and trained with the Adam optimizer
[146] at a learning rate of 1e-4. We use dropout of 0.3 on the visual features and the decoder
hidden state, tuned on the validation data. Both the action and mask losses are weighted
equally, while the auxiliary losses are scaled with a factor of 0.1. For evaluation, we choose
models with the lowest loss on the validation seen set. It should be noted that, due to the nature
of the tasks, low validation loss might not directly lead to better evaluation performance since
the agent does not have to exactly imitate the expert to complete the task.

Notes on Random Agent Unlike discretized navigation where taking random actions might
allow the agent to stumble upon the goal, ALFRED tasks are much harder to achieve by
chance. The action space branching factor of Room-to-Room navigation [13], for example,
is 46 ≈ 4000 (6 average steps and 4 navigation actions). By contrast, the ALFRED branching
factor is 1250 ≈ 1053 (50 average steps for 12 actions). Beyond action type prediction, the AL-
FRED space resulting from dynamic environments and the need to produce pixel-wise masks
for interactive actions explodes further.

A.2.1 Predicted Masks

Figure A.4 shows a few examples of masks generated by the SEQ2SEQ+PM model in seen and
unseen validation scenes. The Microwave mask accurately captures the contours of the object
since the model is familiar with receptacles in seen environments. In contrast, the Sink mask
in the unseen scene poorly fits the unfamiliar object topology.
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A.3 Additional Results

A.3.1 Performance by Task Type

In Table A.1, we present success rates across the 7 task types. Even the best performing model,
SEQ2SEQ+PM, mostly succeeds in solving some short-horizon tasks like Pick & Place and
Examine. Long horizon tasks like Stack & Place and Pick Two & Place have near zero success
rates across all models.
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Train Val seen Val unseen
Object Classes
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FIGURE A.5: Pickup distributions in the train, vali-
dation seen and unseen folds.
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FIGURE A.6: Receptacle distributions in the train,
validation seen and unseen folds.
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FIGURE A.7: Vocabulary Distributions. Frequency distributions of 100 most common verbs, nouns,
other words (non-verbs and non-nouns), and all words.
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Stack & Place

Pick Two & Place

Instructions

Annotation # 1 Annotation # 2 Annotation # 3

Goals Move a spoon and bowl to a table.

Move a spoon and bowl to a table. Go to the counter right of
the microwave. Pick up the spoon from the counter. Go to the
coffeemaker. Place the spoon in a bowl next to the
coffeemaker. Pick up the bowl. Go to the black table. Place
the bowl down on the table .

Put a bowl with a spoon in it on the table.

Turn left, and walk across the room to the microwave. Pick
up the spoon. Turn left, and walk to the coffee machine .Put
the spoon in the bowl. Pick up the bowl. Turn left, walk to
the table, and turn left. Put the bowl on the table.

To put a spoon in a bowl plus moving them to the kitchen
table.

Turn left and walk across the room to face a spoon on the right end
of the counter. Pick up the spoon on the end of the counter. Turn left
and walk across the room to face the coffee maker on the counter.
Put the spoon in the bowl to the right of the coffee maker on the
counter. Pick up the bowl with a spoon in it on the counter. Turn left
and walk across the room and turn left to face the kitchen table.
Place the bowl with the spoon in it on the kitchen table.

Instructions

Annotation # 1 Annotation # 2 Annotation # 3

Goals Put two pencils in a drawer.

Walk straight ahead to the end table. Pick up the blue pencil
on the right. Walk around to the front of the end table. Put the
pencil in the top drawer of the end table. Look up at the top of
the end table. Pick up the pencil on the table. Look down at
the drawer. Put the pencil in the drawer on top of the other
pencil.

Putting pencils inside of a cabinet.

Walk to the bedside table in front of you. Grab the pencil
that's on the table. Move slightly to the left and open the top
cabinet of the bedside table. Place the pencil inside the
cabinet. Face the front of the bedside table. Grab the pencil
off of the bedside table. Open the top cabinet on the table.
Place the pencil inside the cabinet and then close it.

Place the two pencils in the stand.

Walk to the stand next to the bed. Grab the pencil from the stand.
Open the shelf inside of the stand. Place the pencil in the top shelf
of the stand. Close the shelf, walk back to the stand. Grab the other
pencil from the stand. Walk back to the stand next to the bed. Place
the pencil in the top shelf of the stand.

Instructions

Annotation # 1

Pick & Place

Annotation # 2 Annotation # 3

Goals Put the watch on the coffee table.

Turn right and go to the TV stand. Pick up the watch from the
stand. Turn around and face the coffee table. Put the watch
on the coffee table.

Put a watch on a table.

Go to the right and turn around to face the end of the
cabinet with the television on it. Pick the watch up from the
cabinet. Go to the right and then turn to face the coffee
table in front of the couch. Put the watch on the table.

Move the watch to the coffee table.

Turn right, go straight, turn right, step forward, then turn right to face
the table with the TV on it. Pick up the watch on the table, to the
right of the remote. Turn right, move forward, turn left, move
forward, then turn right to face the coffee table. Put the watch on the
front left corner of the coffee table.

Instructions

Annotation # 1

Clean & Place

Annotation # 2 Annotation # 3

Goals Wash the pink towel on the shelf, put it back on the
shelf.

Wash the pink towel on the shelf, put it back on the shelf. Turn
around and go the shelf. Pick up the pink towel on the shelf.
Turn around and put the towel in the sink. Fill the sink with
water and wash the towel, take the towel out. Go back to the
shelf. Put the towel back on the shelf.

Put a clean rag on the top shelf of a barred rack.

Turn around, go to the barred rack. Pick up the rag from the
bottle shelf of the barred rack. Go to the sink on the left. Put
the rag in the sink, turn on then turn off the water. Go to the
barred rack to the right of the sink. Put the rag on the top
shelf of the barred rack.

Clean a red cloth.

walk on over to the towel drying rack. pick up a dirty red cloth from
the towel rack. walk over to the left side of the bathroom sink. turn
on the water to rinse the dirty red cloth and pick it back up again.
walk back over to the towel drying rack. place the clean cloth on the
drying rack.

FIGURE A.8: Dataset Examples – Part 1. Annotations for seven expert demonstrations.
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Cool & Place

Examine in Light

Instructions

Annotation # 1 Annotation # 2 Annotation # 3

Goals Put a chilled slice of lettuce on the counter.

Turn left, head toward the fridge, turn left and go to the stove.
Pick up the knife beside the spoon on the counter. Turn
around and turn to the right to face the counter with the egg.
Cut the lettuce on the counter. Move right and back left to the
counter. Put the knife behind the egg on the counter. Move
the left and turn back right towards the counter. Pick up a slice
of lettuce. Turn around and head to the fridge. Put the lettuce
on the second shelf of the fridge, close the fridge, open the
fridge and pick it back up. Turn left, go halfway across the
room and turn right toward the coffee maker. Put the slice of
lettuce on the counter in front of the coffee maker.

Put a slice of cold lettuce on a counter.

Turn left, go forward past the counter, turn left, go forward to
the counter to the left of the oven. Take the knife to the left
of the large spoon from the counter. Turn around, go
forward a step, turn right to the counter. Cut the lettuce on
the counter into slices. Turn right, go forward a step, turn
left to the counter. Put the knife behind the egg on the
counter. Turn left, go forward a step, turn right to the
counter. Take a slice of lettuce from the counter. Turn left,
go forward, turn right to the fridge. Go to the fridge. Chill the
lettuce in the fridge in front of the apple. Take the lettuce
from the fridge. Turn left, go forward, turn right to face the
coffee maker. Put the lettuce in front of the coffee maker on
the counter.

Slice some lettuce and cool it in the refrigerator so you can
put it on the counter top.

turn left and go around the counter top, then go straight to the stove
top. pick up the knife with the yellow handle from behind the salt
shaker on the counter top. turn left and face the counter top to your
left. slice the lettuce on the counter top. face the counter top with
the knife in hand. place the knife down next to the lettuce slices on
the counter top. face the lettuce on the counter top. pick up a slice
of lettuce on the counter top. turn left, then face the opposite wall
behind you to face the refrigerator. open the refrigerator, and place
the slice of lettuce in front of the apple one shelf above the bread,
then shut the door and open it up again after several seconds to
pick the lettuce slice up. turn left, then face forward to the part of the
counter top on which the coffee maker sits. place the slice of lettuce
in front of the coffee maker.

Instructions

Annotation # 1 Annotation # 2 Annotation # 3

Goals Examine a book with a lamp.

walk forward a few steps, turn right, take two steps, turn left,
walk to bed. pick up the book that is on the bed. turn around,
take a step, turn left to face small table. turn the lamp on.

Read a book by lamp light.

Head forward to the bed in front of you. Pick up the blue
book that is sitting on the bed; the book that says
Probabilistic Robotics. Turn to your right and walk to the
night stand. Turn on the lamp that is sitting on the night
stand.

Pick up a book and turn on a lamp.

Walk forward to face the bed. Pick the book up from the bed. Turn to
the right and face the night stand with the lamp. Turn the lamp on.

Annotation # 1 Annotation # 2 Annotation # 3

Goals Place a slice of cooked potato onto the counter.

Turn right, move to the table. Pick up the knife from the table.
Slice the potato on the table. Turn left, move to the counter left
of the bread. Put the knife on the counter near the soap
container. Turn left, move to the table. Pick up a slice of
potato from the table. Turn left, move to the counter in front of
the stove. Put the potato slice into the microwave, cook it, pick
it back up. Turn right, move to the counter left of the bread.
Put the cooked potato slice on the counter.

Put a cooked potato slice on the counter.

Turn right, turn right, walk past the sink, turn left to face
round table with tablecloth. Pick up the yellow-handled knife
from the table. Cut a slice in the potato on the table. Turn
left, turn left, turn right at counter, cross room, turn left at
refrigerator to face counter. Put knife down on the table.
Turn left, walk past sink, turn left to face round table. Pick
the potato slice up from the table. Turn left, make right
around corner of counter, turn left to face stove and
microwave. Put potato in microwave, cook it, take it out of
microwave. Turn right, cross room, turn left at counter with
blue plate on it. Put potato on the counter in front of the
blue plate.

Put a piece of cooked potato on the counter.

Turn right and cross the room, then turn left and go to face the gray
table. Pick up the knife from in between the lettuce and the apple.
Use the knife to slice the potato that's on the gray table. Bring the
knife with you and go face the kitchen counter with the loaf of bread.
Put the knife down in front of the soap dispenser on the counter. Go
back over to the gray table. Pick up a slice of the cut potato from the
table. Bring the potato with you and go over to the stove, then look
up at the microwave. Cook the potato slice in the microwave, then
take it out again. Bring the potato slice over to the counter top with
the loaf of bread and the knife you used to cut it. Put the potato slice
down in front of the blue plate.

Heat & Place

FIGURE A.9: Dataset Examples – Part 2. Annotations for seven expert demonstrations.
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Appendix B

CLIPort

B.1 Task Details

We extend the Ravens benchmark [311] to 10 language-conditioned. 8 out of 10 tasks have
two evaluation variants, denoted by seen and unseen in their names. All tasks use hand-coded
experts to generate expert demonstrations. These experts use privileged state information
from the simulator along with pre-specified heuristics to complete the tasks. We refer the
reader to the original Transporter paper [311] for details regarding these experts. The following
is a description of each language-conditioned task:

B.1.1 Align Rope

Example: Figure 3.1(a).
Task: Manipulate a deformable rope to connect its end-points between two corners of a
3-sided square. There are four possible combinations for aligning the rope: “front left tip to
front right tip”. “front right tip to back right corner”, “front left tip to back left corner”, and
“back right corner to back left corner”. Here ‘front’ and ‘back’ refer to canonical positions on
the 3-sided square. The poses of both the rope and 3-sided square are randomized for each
task instance.
Objects: All align-rope instances contain a rope with 20 articulated beads and a 3-sided square.
Success Metric: The poses of all beads match the line segments between the two correct sides.

B.1.2 Packing Unseen Shapes

Example: Figure 3.1(b).
Task: Place a specified shape in the brown box. Each task instance contains 1 shape to be
picked along with 4 distractor shapes. The shape colors are randomized but have no relevance
to the task. This task does not require precise placements and is mostly a test of the agent’s
semantic understanding of arbitrary shapes.
Objects: packing-unseen-shapes is trained with seen shapes but evaluated on unseen shapes
from Figure 3.4.
Success Metric: The correct shape is inside the bounds of the brown box.
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B.1.3 Assembling Kits Seq

Example: Figure 3.1(c).
Task: Precisely place each specified shape in the specified hole following the order prescribed
in the language instruction at each timestep. This is one of the hardest tasks in the bench-
mark requiring precise placements of unseen shapes of unseen colors and grounding spatial
relationships like “the middle square hole” or “the bottom letter R hole”. Each task instance
contains 5 shapes and a kit with randomized poses.
Objects: Both assembling-kits-seq-seen-colors and assembling-kits-seq-unseen-colors are trained on
seen shapes but evaluated on unseen shapes from Figure 3.4. However for color randomiza-
tion, assembling-kits-seq-seen-colors is trained and evaluated on seen colors, and assembling-kits-
seq-unseen-colors is trained with seen colors but evaluated on unseen colors from Figure 3.4.
Success Metric: The pose of each shape matches the specified hole at the correct timestep.
The final score is the total number of shapes that were placed in the correct pose at the correct
timestep, divided by the total number of shapes in the scene (always 5).

B.1.4 Put Blocks in Bowl

Example: Figure 3.1(d).
Task: Place all blocks of a specified color in a bowl of specified color. Each bowl fits just one
block and all scenes contain enough bowls achieve the goal. Each task instance contains sev-
eral distractor blocks and bowls with randomized colors. The solutions to this task are multi-
modal in that there could be several ways to place the blocks specified in the language goal.
This task does not require precise placements and mostly tests an agent’s ability to ground
color attributes.
Objects: put-blocks-in-bowl-seen-colors is trained and evaluated on seen colors from Figure 3.4
for both blocks and bowls. put-blocks-in-bowl-unseen-colors is trained on seen colors but evalu-
ated on unseen colors from Figure 3.4 for both blocks and bowls.
Success Metric: All blocks of the specified color are within the bounds a bowl of the specified
color. The final score is the total number of correct blocks in the correct bowls, divided by the
total number of relevant color blocks in the scene.

B.1.5 Packing Box Pairs

Example: Figure 3.1(e).
Task: Tightly pack all the boxes of two specified colors inside the brown box. All scenes con-
tain the exact number of relevant color blocks to fill the box completely, but also contain some
distractor boxes of irrelevant colors. The sizes of the boxes and the brown box are randomized.
The distractor objects have equivalent sizes to the relevant objects to make the task more diffi-
cult. Sometimes the scene only contains one of the two specified specified colors and the agent
has to actively ignore the missing color. Overall, this task requires both semantic understand-
ing of colors and precise spatial reasoning for tightly packing boxes of unknown sizes.
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Objects: Boxes with randomized widths and lengths and a brown box. packing-box-pairs-seen-
colors is trained and evaluated on seen color boxes from Figure 3.4. packing-box-pairs-unseen-
colors is trained on seen color boxes but evaluated on unseen color boxes from Figure 3.4.
Success Metric: All blocks of the two specified colors are tightly packed inside the bounds of
the brown box. The final score is the total volume of the correct color blocks inside the box,
divided by the total volume of the relevant color blocks in the scene.

B.1.6 Packing Google Objects Seq

Example: Figure 3.1(f).
Task: Place the specified objects in the brown box following the order prescribed in the lan-
guage instruction at each timestep. This task does not require precise placements and mostly
evaluates an agent’s ability to ground semantic object descriptions. All objects in a scene are
unique without any duplicates. The poses of the objects and the box are randomized for each
scene.
Objects: packing-seen-google-objects-seq is trained and evaluated on all 56 objects in Figure 3.4.
packing-unseen-google-objects-seq is trained on 37 seen objects but evaluated on 19 unseen ob-
jects in Figure 3.4.
Success Metric: Each specified object is within the bounds of the brown box at the correct
timestep. The final score is the total volume of the correct objects placed inside the box at the
correct timestep, divided by the total volume of the relevant objects.

B.1.7 Packing Google Objects Group

Example: Figure 3.1(g).
Task: Place all objects of the specified category in the brown box. This task does not require
precise placements or following a specific action sequence. Each scene contains objects of mul-
tiple categories with each category containing at least 2 duplicates. The task cannot be solved
by counting the number of objects since there are distractor objects, each with 2 or more dupli-
cates.
Objects: packing-seen-google-objects-group is trained and evaluated on all 56 objects in Fig-
ure 3.4. packing-unseen-google-objects-group is trained on 37 seen objects but evaluated on 19
unseen objects in Figure 3.4.
Success Metric: All specified objects of a category are within the bounds of the brown box.
The final score is the total volume of the correct objects in the box, divided by the total volume
of the relevant objects of the specified category in the scene.

B.1.8 Stack Block Pyramid

Example: Figure 3.1(h).
Task: Build a pyramid of colored blocks in a color sequence specified through the step-by-step
language instructions. Each task contains 6 blocks with randomized colors and 1 rectangular
base, all initially placed at random poses.
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Objects: 6 blocks and 1 rectangular base. stack-block-pyramid-seq-seen-colors is trained and
evaluated on seen color blocks from Figure 3.4. stack-block-pyramid-seq-unseen-colors is trained
on seen color blocks but evaluated on unseen color blocks from Figure 3.4.
Success Metric: The pose of each block at the corresponding timestep matches the specified
location. The final score is the total number of blocks in the correct pose at the correct timestep,
divided by the total number of blocks (always 6).

B.1.9 Separating Piles

Example: Figure 3.1(i).
Task: Sweep the pile of blocks into the specified zone. Each scene contains two square zones:
one relevant to the task, another as a distractor. The pile and zones are placed at random poses
on the table.
Objects: A pile of colored blocks and two squares. separating-piles-seen-colors is trained and
evaluated on seen colors from Figure 3.4 for all blocks and squares. separating-piles-unseen-
colors is trained on seen colors but evaluated on unseen colors from Figure 3.4 for all blocks
and squares.
Success Metric: All blocks are inside the bounds of the specified zone. The final score is the
total number of blocks inside the correct zone, divided by the total number of blocks in the
scene.

B.1.10 Towers of Hanoi Seq

Example: Figure 3.1(j).
Task: Move the ring to the specified peg in the language instruction at each timestep. The
sequence of ring placements is always the same, i.e. the perfect solution to three-ring Towers of
Hanoi. This task can be solved without using colors by just observing the ring sizes. However,
it tests the agent’s ability to ignore irrelevant concepts to the task (color in this case). The task
involves precise pick and place actions for moving the rings from peg to peg.
Objects: 1 peg base and 3 rings (small, medium, and big). towers-of-hanoi-seen-colors is trained
and evaluated on seen ring colors from Figure 3.4. towers-of-hanoi-unseen-colors is trained on
seen ring colors but evaluated on unseen ring colors from Figure 3.4.
Success Metric: The pose of each ring at the corresponding timestep matches the specified peg
location. The final score is the total number of correct ring placements, divided by total steps
in the perfect solution (7 for three-ring Towers of Hanoi).
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packing-box-pairs
seen-colors

packing-box-pairs
unseen-colors

packing-seen-google
objects-seq

packing-unseen-google
objects-seq

packing-seen-google
objects-group

packing-unseen-google
objects-group

Method 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000

Transporter-only [311] 48.9 57.2 59.4 60.6 37.8 52.3 54.5 60.7 30.2 41.6 42.4 46.3 26.3 37.1 42.9 40.8 56.3 52.8 55.6 54.5 30.8 55.3 53.6 56.0
CLIP-only 37.1 72.3 87.4 90.9 36.1 61.8 67.2 62.9 30.5 76.5 89.1 97.7 37.8 48.9 55.2 58.9 53.3 66.1 90.6 94.6 46.7 63.3 76.7 78.1
RN50-BERT 40.0 64.4 94.7 90.5 42.1 58.7 62.4 72.2 29.7 49.8 90.4 94.6 39.9 41.8 57.5 57.2 48.5 56.9 83.1 93.6 44.8 55.3 71.7 77.9
CLIPort (single) 51.9 84.7 95.9 98.0 47.1 66.9 70.0 71.9 14.4 63.9 95.3 96.9 25.0 50.6 62.7 62.0 53.3 72.5 90.3 95.6 54.9 68.5 78.3 73.3
CLIPort (multi) 68.6 90.0 96.0 96.3 55.9 70.3 76.6 72.9 45.7 78.4 83.8 83.4 50.8 60.8 65.1 68.8 69.4 86.2 92.2 93.2 66.9 73.4 82.0 81.7
CLIPort (multi-attr) – – – – 46.2 72.0 86.2 80.3 – – – – 35.4 45.1 78.7 87.4 – – – – 48.6 69.3 84.8 89.1

stack-block-pyramid
seq-seen-colors

stack-block-pyramid
seq-unseen-colors

separating-piles
seen-colors

separating-piles
unseen-colors

towers-of-hanoi
seq-seen-colors

towers-of-hanoi
seq-unseen-colors

1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000

Transporter-only [311] 4.8 4.0 6.8 5.7 4.8 5.3 5.0 5.0 42.8 52.9 54.7 55.6 47.8 53.4 52.6 54.8 25.1 74.4 100 100 25.6 46.4 77.0 81.7
CLIP-only 5.5 30.0 58.7 59.0 2.0 16.3 5.7 19.3 39.7 69.6 90.4 92.9 46.4 61.6 76.9 74.4 10.9 48.1 88.6 52.9 15.9 44.7 67.1 58.1
RN50-BERT 5.7 35.5 94.0 98.0 5.2 10.5 19.7 33.3 33.3 55.9 53.0 48.7 35.7 52.2 53.1 57.0 26.4 68.1 92.7 95.9 16.3 75.0 82.0 84.3
CLIPort (single) 29.0 68.8 95.0 99.3 15.8 29.0 32.7 41.8 45.1 58.6 96.8 99.9 50.7 56.5 83.8 83.0 55.3 94.1 99.9 100 66.6 91.9 96.4 100
CLIPort (multi) 38.3 71.0 97.0 97.3 27.8 31.8 39.3 33.3 53.2 73.0 92.7 89.2 55.5 71.2 79.5 76.7 67.6 94.0 99.1 100 55.6 68.6 79.1 67.0
CLIPort (multi-attr) – – – – 17.2 45.2 65.3 81.5 – – – – 49.9 51.8 48.2 59.8 – – – – 56.7 78.0 88.3 96.9

align-rope packing-unseen-shapes assembling-kits-seq
seen-colors

assembling-kits-seq
unseen-colors

put-blocks-in-bowls
seen-colors

put-blocks-in-bowls
unseen-colors

1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000

Transporter-only [311] 6.3 24.7 39.8 48.2 28.0 34.0 27.0 32.0 6.8 15.2 30.8 32.6 9.4 15.6 30.4 30.0 18.8 45.2 63.2 69.0 12.2 16.8 20.5 21.7
CLIP-only 15.4 47.6 76.7 74.3 26.0 36.0 40.0 43.0 1.4 6.4 19.0 27.2 4.2 5.6 12.0 16.2 22.3 62.2 94.7 98.5 15.8 29.7 38.3 24.7
RN50-BERT 6.8 26.9 69.8 61.1 22.0 31.0 29.0 30.0 2.4 6.8 15.2 23.0 2.2 7.6 15.2 19.4 10.8 46.3 82.3 92.2 14.0 24.2 29.7 27.7
CLIPort (single) 14.8 66.2 93.2 98.2 22.0 42.0 35.0 40.0 11.0 28.8 51.6 72.0 17.2 23.2 33.0 38.0 21.7 73.0 98.2 100 17.2 32.5 40.2 48.3
CLIPort (multi) 19.2 52.4 80.2 72.2 29.0 42.0 47.0 41.0 17.4 37.2 48.2 57.6 12.2 23.8 36.4 29.0 59.7 94.0 100 100 33.8 42.7 55.3 43.3
CLIPort (multi-attr) – – – – – – – – – – – – 9.0 18.4 41.6 39.8 – – – – 23.0 41.8 66.5 75.7

TABLE B.1: Validation Results. Task success scores (mean %) from 100 evaluation instances vs. # of
training demonstrations (1, 10, 100, or 1000). The challenges pertaining to each task can be found in
Appendix B.1. CLIPort (single) models are trained on seen splits, and evaluated on both seen and
unseen splits. CLIPort (multi) models are trained on seen splits of all 10 tasks with 1T, 10T, 100T, and
1000T demonstrations where T = 10. CLIPort (multi-attr) indicate CLIPort (multi) models trained on
seen-and-unseen splits from all tasks except for that one particular heldout task, for which it is trained
only the seen split. See Figure B.1 for an overview with average scores.

B.2 Evaluation Worflow and Validation Results

Evaluation Workflow. All simulated experiments in Section 3.4.2 follow a four-phase work-
flow: (1) generate train, validation, and test sets, (2) train agents on the train set, (3) optimize
on the validation set to find the best checkpoint, (4) evaluate the best checkpoint on the test set.
Both validation and test sets consist of 100 evaluation instances each. We found that validation
loss is a poor metric for determining the best checkpoint as actions are often multi-modal. In a
task like “put the yellow blocks in the red bowl” where there are three possible yellow blocks
to choose from, the validation loss is high if the agent chooses a different yellow block to the
expert, but in fact choosing any yellow block would suffice in achieving the goal. This issue
is addressed by determining the best checkpoint through task execution performance on the
validation set.

Validation Performances. During validation, we evaluate a trained agent across fixed check-
points between 1K-200K iterations for single-task settings and 1K-600K iterations for multi-
task settings. We then choose the best-performing checkpoint for each task. Table B.1 presents
validation results for all tests in Section 3.4.2. Following Transporter [311], we use a learn-
ing rate of 1e-4 with no additional hyperparameter tuning. We note that better learning rate
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schedules and other hyperparameter optimizations could possibly improve the performance
of agents, especially in multi-task settings.
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FIGURE B.1: Average validation scores across seen and unseen splits for all tasks in Table B.1.

B.3 Robot Setup

FIGURE B.2: Real-Robot Experimental
Setup.

Hardware Setup. All real-robot experiments were
conducted on a Franka Panda robot with a parallel-
gripper. For perception, we use a Kinect-2 RGB-D
camera mounted on a tripod, tilted down looking at
the table. Although the Kinect-2 provides images
at a resolution of 1280 × 720, we use downsampled
960 × 540 images for a faster user-interface. The ex-
trinsic calibration between the camera and the robot
base-frame is computed with an AR Marker through
ARUCO ROS1. See Figure B.2 for an overview of the
setup.

Demonstrations and Execution. For collecting
demonstrations with the Franka Panda, we developed
a 2D interactive tool that uses the top-down RGB view
from the Kinect-2 to specify pick-and-place locations.
The user first selects a 2D bounding box on the live
RGB feed, and then picks a discrete rotation angle by
clicking around the bounding box. For grasping, we
use a simple heuristic to determine the height at which
to close the fingers. First we segment the pointcloud encapsulated by the bounding box, then
we vertically crop the pointcloud up to the height of the gripper fingers, and then compute
a 3D centroid of the selected points by taking an average. This 3D centroid is used to plan
a path for the end-effector with an RRT* motion-planner to execute a predefined sequence –

1https://github.com/pal-robotics/aruco_ros

https://github.com/pal-robotics/aruco_ros
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go down, open/close the gripper, raise up. For executing a trained CLIPort model, a similar
grasping approach is used, but instead of the user-specified bounding box, we take 32 × 32
crops centered around the pick and place predictions (i.e. affordance argmax) to compute 3D
centroids from the pointcloud. Only the sweeping and folding actions are different in that the
end-effector does not raise up after grasping.

Pick Rotations for Parallel Grippers. The suction gripper used in simulation does not require
a pick rotation since the grasps are specified as pin-point locations. However, with the Franka
Panda, the parallel gripper requires a specific yaw rotation at which to grasp an object. To
handle this, we separate the pick module Qpick into two components: locator and rotator.
The locator predicts a pixel location (u, v) given the full observation and language input. The
rotator takes a 64 × 64 crop of the observation at (u, v) along with the language input and
predicts a discrete rotation angle by selecting from one of k rotated crops. We use k = 36 in all
our hardware experiments. While it’s possible to predict both the location and rotation with a
single module, this decoupled approach allows us to fit the model on a single GPU (NVIDIA
P100) with reduced memory usage from cropped rotations.
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B.4 Two Stream Architecture Details

Figure B.3 provides a detailed architecture diagram of CLIPort’s two-stream design. We use
ReLU activations after each conv and identity blocks without any Batch Normalization. Note
that we repeat the depth input to match the dimensions of the RGB image RH×W×1 → RH×W×3

following Transporter [311]. All models were implemented in PyTorch [216]. For CLIP, we use
the implementation and pre-trained checkpoint released by the authors2.

2https://github.com/openai/CLIP
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FIGURE B.3: CLIPort Two-Stream Architecture. A detailed architecture diagram of the semantic and
spatial pathways.

https://github.com/openai/CLIP
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B.5 Data Augmentation

FIGURE B.4: Data Augmentation. SE(2) transform applied to RGB-D input. The left image shows the
original input, and the right image shows the transformed input along with expert Tpick (red) and Tplace
(green) actions.

Following common practice and the original Transporter implementation [311], we augment
the training samples by applying random SE(2) transformations. Augmentations where Tpick

or Tplace are out of frame after the transformation are discarded. These augmentations are par-
ticular important for learning spatially-equivariant representations with FCNs without over-
fitting to images from limited training demonstrations.

B.6 Affordance Prediction Examples

Figure B.5 showcases more examples of affordance predictions from trained
CLIPort (multi) models. Traditional object-centric representations like pose and instance
segmentation generally struggle to represent piles of beans or squares on a chessboard. In
such cases, a single detector would have to be trained (with supervision data) to detect every
bean and square on the chessboard, which is often infeasible, especially in multi-task settings.

“pack the black shoe with
orange stripes in the brown box” 

“pick all the cherries
and put them in the box”

“put the cyan blocks
in the yellow bowl”

“move the rook
one block forward”

“align the rope from front right 
tip to back right”

In
pu

t
Pi

ck
Pl

ac
e

FIGURE B.5: More examples of pick and place affordance predictions from CLIPort (multi). The left
three columns are from simulated tasks, and the right two columns are from real-world tasks.
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Appendix C

PERACT

C.1 Task Details

Setup. Our simulated experiments are set in RLBench [127]. We select 18 out of 100 tasks that
involve at least two or more variations to evaluate the multi-task capabilities of agents. While
PERACT could be easily applied to more RLBench tasks, in our experiments, we were specifi-
cally interested grounding diverse language instructions, rather than learning one-off policies
for single-variation tasks like “[always] take off the saucepan lid”. Some tasks were modified to
include additional variations. See Table 4.1 for an overview. We report average keyframes
extracted from the method described in Section 4.3.2.

Variations. Task variations include randomly sampled colors, sizes, shapes, counts, place-
ments, and categories of objects. The set of colors include 20 instances: colors = {red, maroon,
lime, green, blue, navy, yellow, cyan, magenta, silver, gray, orange, olive, purple, teal,
azure, violet, rose, black, white}. The set of sizes include 2 instances: sizes = {short, tall}.
The set of shapes include 5 instances: shapes = {cube, cylinder, triangle, star, moon}. The
set of counts include 3 instances: counts = {1, 2, 3}. The placements and object categories are
specific to each task. For instance, open drawer has 3 placement locations: top, middle, and
bottom, and put in cupboard includes 9 YCB objects. In addition to these semantic variations,
objects are placed on the tabletop at random poses. Some large objects like drawers have con-
strained pose variations [127] to ensure that manipulating them is kinematically feasible with
the Franka arm.

In the following sections, we describe each of 18 tasks in detail. We highlight tasks that were
modified from the original RLBench [127] codebase1 and describe what exactly was modified:

C.1.1 Open Drawer

Filename: open_drawer.py
Task: Open one of the three drawers: top, middle, or bottom.
Modified: No.

1https://github.com/stepjam/RLBench

https://github.com/stepjam/RLBench
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Objects: 1 drawer.
Success Metric: The prismatic joint of the specified drawer is fully extended.

C.1.2 Slide Block

Filename: slide_block_to_color_target.py
Task: Slide the block on to one of the colored square targets. The target colors are limited to
red, blue, pink, and yellow.
Modified: Yes. The original slide_block_to_target.py task contained only one target. Three
other targets were added to make a total of 4 variations.
Objects: 1 block and 4 colored target squares.
Success Metric: Some part of the block is inside the specified target area.

C.1.3 Sweep to Dustpan

Filename: sweep_to_dustpan_of_size.py
Task: Sweep the dirt particles to either the short or tall dustpan.
Modified: Yes. The original sweep_to_dustpan.py task contained only one dustpan. One
other dustpan was added to make a total of 2 variations.
Objects: 5 dirt particles and 2 dustpans.
Success Metric: All 5 dirt particles are inside the specified dustpan.

C.1.4 Meat Off Grill

Filename: meat_off_grill.py
Task: Take either the chicken or steak off the grill and put it on the side.
Modified: No.
Objects: 1 piece of chicken, 1 piece of steak, and 1 grill.
Success Metric: The specified meat is on the side, away from the grill.

C.1.5 Turn Tap

Filename: turn_tap.py
Task: Turn either the left or right handle of the tap. Left and right are defined with respect to
the faucet orientation.
Modified: No.
Objects: 1 faucet with 2 handles.
Success Metric: The revolute joint of the specified handle is at least 90◦ off from the starting
position.
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C.1.6 Put in Drawer

Filename: put_item_in_drawer.py
Task: Put the block in one of the three drawers: top, middle, or bottom.
Modified: No.
Objects: 1 block and 1 drawer.
Success Metric: The block is inside the specified drawer.

C.1.7 Close Jar

Filename: close_jar.py
Task: Put the lid on the jar with the specified color and screw the lid in. The jar colors are
sampled from the full set of 20 color instances.
Modified: No.
Objects: 1 block and 2 colored jars.
Success Metric: The lid is on top of the specified jar and the Franka gripper is not grasping
anything.

C.1.8 Drag Stick

Filename: reach_and_drag.py
Task: Grab the stick and use it to drag the cube on to the specified colored target square. The
target colors are sampled from the full set of 20 color instances.
Modified: Yes. The original reach_and_drag.py task contained only one target. Three other
targets were added with randomized colors.
Objects: 1 block, 1 stick, and 4 colored target squares.
Success Metric: Some part of the block is inside the specified target area.

C.1.9 Stack Blocks

Filename: stack_blocks.py
Task: Stack N blocks of the specified color on the green platform. There are always 4 blocks of
the specified color, and 4 distractor blocks of another color. The block colors are sampled from
the full set of 20 color instances.
Modified: No.
Objects: 8 color blocks (4 are distractors), and 1 green platform.
Success Metric: N blocks are inside the area of the green platform.

C.1.10 Screw Bulb

Filename: light_bulb_in.py
Task: Pick up the light bulb from the specified holder, and screw it into the lamp stand. The
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colors of holder are sampled from the full set of 20 color instances. There are always two
holders in the scene – one specified and one distractor holder.
Modified: No.
Objects: 2 light bulbs, 2 holders, and 1 lamp stand.
Success Metric: The bulb from the specified holder is inside the lamp stand dock.

C.1.11 Put in Safe

Filename: put_money_in_safe.py
Task: Pick up the stack of money and put it inside the safe on the specified shelf. The shelf has
three placement locations: top, middle, bottom.
Modified: No.
Objects: 1 stack of money, and 1 safe.
Success Metric: The stack of money is on the specified shelf inside the safe.

C.1.12 Place Wine

Filename: place_wine_at_rack_location.py
Task: Grab the wine bottle and put it on the wooden rack at one of the three specified locations:
left, middle, right. The locations are defined with respect to the orientation of the wooden
rack.
Modified: Yes. The original stack_wine.py task had only one placement location. Two other
locations were added to make a total of 3 variations.
Objects: 1 wine bottle, and 1 wooden rack.
Success Metric: The wine bottle is at the specified placement location on the wooden rack.

C.1.13 Put in Cupboard

Filename: put_groceries_in_cupboard.py
Task: Grab the specified object and put it in the cupboard above. The scene always contains 9
YCB objects that are randomly placed on the tabletop.
Modified: No.
Objects: 9 YCB objects, and 1 cupboard (that hovers in the air like magic).
Success Metric: The specified object is inside the cupboard.

C.1.14 Sort Shape

Filename: place_shape_in_shape_sorter.py
Task: Pick up the specified shape and place it inside the correct hole in the sorter. There are
always 4 distractor shapes, and 1 correct shape in the scene.
Modified: Yes. The sizes of the shapes and sorter were enlarged so that they are distinguish-
able in the RGB-D input.
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Objects: 5 shapes, and 1 sorter.
Success Metric: The specified shape is inside the sorter.

C.1.15 Push Buttons

Filename: push_buttons.py
Task: Push the colored buttons in the specified sequence. The button colors are sampled from
the full set of 20 color instances. There are always three buttons in scene.
Modified: No.
Objects: 3 buttons.
Success Metric: All the specified buttons were pressed.

C.1.16 Insert Peg

Filename: insert_onto_square_peg.py
Task: Pick up the square and put it on the specified color spoke. The spoke colors are sampled
from the full set of 20 color instances.
Modified: No.
Objects: 1 square, and 1 spoke platform with three color spokes.
Success Metric: The square is on the specified spoke.

C.1.17 Stack Cups

Filename: stack_cups.py
Task: Stack all cups on top of the specified color cup. The cup colors are sampled from the full
set of 20 color instances. The scene always contains three cups.
Modified: No.
Objects: 3 tall cups.
Success Metric: All other cups are inside the specified cup.

C.1.18 Place Cups

Filename: place_cups.py
Task: Place N cups on the cup holder. This is a very high precision task where the handle of
the cup has to be exactly aligned with the spoke of the cup holder for the placement to succeed.
Modified: No.
Objects: 3 cups with handles, and 1 cup holder with three spokes.
Success Metric: N cups are on the cup holder, each on a separate spoke.

C.2 PERACT Details

In this section, we provide implementation details for PERACT. See this Colab tutorial for a
PyTorch implementation.

https://colab.research.google.com/drive/1wpaosDS94S0rmtGmdnP0J1TjS7mEM14V?usp=sharing


125

C.2.1 Input Observation.

Following James et al. [127], our input voxel observation is a 1003 voxel grid with 10 channels:
R100×100×100×10. The grid is constructed by fusing calibrated pointclouds with PyTorch’s
scatter_ function2. The 10 channels are composed of: 3 RGB, 3 point, 1 occupancy, and
3 position index values. The RGB values are normalized to a zero-mean distribution. The
point values are Cartesian coordinates in the robot’s coordinate frame. The occupancy value
indicates if a voxel is occupied or empty. The position index values represent the 3D location
of the voxel with respect to the 1003 grid. In addition to the voxel observation, the input also
includes proprioception data with 4 scalar values: gripper open, left finger joint position, right
finger joint position, and timestep (of the action sequence).

C.2.2 Input Language.

The language goals are encoded with CLIP’s language encoder [224]. We use CLIP’s tokenizer
to preprocess the sentence, which always results in an input sequence of 77 tokens (with zero-
padding). These tokens are encoded with the language encoder to produce a sequence of
dimensions R77×512.

C.2.3 Preprocessing.

The voxel grid is encoded with a 3D convolution layer with a 1 × 1 kernel to upsample the
channel dimension from 10 to 64. Similarly, the proprioception data is encoded with a linear
layer to upsample the input dimension from 4 to 64. The encoded voxel grid is split into 53

patches through a 3D convolution layer with a kernel-size and stride of 5, which results in a
patch tensor of dimensions R20×20×20×64. The proprioception features are tiled in 3D to match
the dimensions of the patch tensor, and concattenated along the channel to form a tensor of
dimensions R20×20×20×128. This tensor is flattened into a sequence of dimensions R8000×128. The
language features are downsampled with a linear layer from 512 to 128 dimensions, and then
appended to the tensor to form the final input sequence to the Perceiver Transformer, which
of dimensions R8077×128. We also add learned positional embeddings to the input sequence.
These embeddings are represented with trainable nn.Parameter(s) in PyTorch.

C.2.4 Perceiver Transformer

PerceiverIO [120] is a latent-space Transformer that uses a small set of latent vectors to encode
extremely long input sequences. See Figure 4.3 for an illustration of this process. Perceiver
first computes cross-attention between the input sequence and the set of latent vectors of di-
mensions R2048×512. These latents are randomly initialized and trained end-to-end. The latents
are encoded with 6 self-attention layers, and then cross-attended with the input to output a se-
quence that matches the input-dimensions. This output is upsampled with a 3D convolution

2https://pytorch.org/docs/stable/generated/torch.Tensor.scatter_.html

https://pytorch.org/docs/stable/generated/torch.Tensor.scatter_.html
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layer and tri-linear upsampling to form a voxel feature grid with 64 channels: R100×100×100×64.
This feature grid is concatenated with the initial 64-dimensional feature grid from the process-
ing stage as a skip connection to the encoding layers. Finally, a 3D convolution layer with a
1 × 1 kernel downsamples the channels from 128 back to 64 dimensions. Our implementation
of Perceiver is based on an existing open-source repository3.

C.2.5 Decoding.

For translation, the voxel feature grid is decoded with a 3D convolution layer with a 1 × 1
kernel to downsample the channel dimension from 64 to 1. This tensor is the translation Q-
function of dimensions R100×100×100×1. For rotation, gripper open, and collision avoidance
actions, the voxel feature grid is max-pooled along the 3D dimensions to form a vector of
dimensions R1×64. This vector is decoded with three independent linear layers to form the
respective Q-functions for rotation, gripper open, and collision avoidance. The rotation linear
layer outputs logits of dimensions R216 (72 bins of 5 degree increments for each of the three
axes). The gripper open and collide linear layers output logits of dimensions R2.

Our codebase is built on the ARM repository4 by James et al. [127].

C.3 Evaluation Workflow

C.3.1 Simulation

Simulated experiments in Section 4.4.2 follow a four-phase workflow: (1) generate a dataset
with train, validation, and test sets, each containing 100, 25, and 25 demonstrations, respec-
tively. (2) Train an agent on the train set and save checkpoints at intervals of 10K iterations. (3)
Evaluate all saved checkpoints on the validation set, and mark the best performing checkpoint.
(4) Evaluate the best performing checkpoint on the test set. While this workflow follows a stan-
dard train-val-test paradigm from supervised learning, it is not the most feasible workflow for
real-robot settings. With real-robots, collecting a validation set and evaluating all checkpoints
could be very expensive.

C.3.2 Real-Robot

For real-robot experiments in Section 4.4.7, we simply pick the last checkpoint from training.
We check if the agent has been sufficiently trained by visualizing Q-predictions on training
examples with swapped or modified language goals. While evaluating a trained agent, the
agent keeps acting until a human user stops the execution. We also visualize the Q-predictions
live to ensure that the agent’s upcoming action is safe to execute.

3https://github.com/lucidrains/perceiver-pytorch
4https://github.com/stepjam/ARM

https://github.com/lucidrains/perceiver-pytorch
https://github.com/stepjam/ARM
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C.4 Robot Setup

All simulated experiments use the four camera setup illustrated in Figure 4.5. The front, left
shoulder, and right shoulder cameras, are static, but the wrist camera moves with the end-
effector. We did not modify the default camera poses from RLBench [127]. These poses max-
imize coverage of the tabletop, while minimizing occlusions caused by the moving arm. The
wrist camera in particular is able to provide high-resolution observations of small objects like
handles.

C.4.1 Real-Robot
Franka Emika Panda

Kinect2 RGB-D Camera

AR Marker
for hand-eye

FIGURE C.1: Real-Robot Setup with
Kinect-2 and Franka Panda.

Hardware Setup. The real-robot experiments use a
Franka Panda manipulator with a parallel-gripper. For
perception, we use a Kinect-2 RGB-D camera mounted
on a tripod, at an angle, pointing towards the table-
top. See Figure C.1 for reference. We tried setting-up
multiple Kinects for multi-view observations, but we
could not fix the interference issue caused by multiple
Time-of-Flight sensors. The Kinect-2 provides RGB-D
images of resolution 512 × 424 at 30Hz. The extrin-
sics between the camera and robot base-frame are cal-
ibrated with the easy_handeye package5. We use an
ARUCO6 AR marker mounted on the gripper to aid
the calibration process.

Data Collection. We collect demonstrations with an
HTC Vive controller. The controller is a 6-DoF tracker
that provides accurate poses with respect to a static
base-station. These poses are displayed as a marker
on RViz7 along with the real-time RGB-D pointcloud from the Kinect-2. A user specifies target
poses by using the marker and pointcloud as reference. These target poses are executed with
a motion-planner. We use Franka ROS and MoveIt8, which by default uses an RRT-Connect
planner.

Training and Execution. We train a PERACT agent from scratch with 53 demonstrations. The
training samples are augmented with ±0.125m translation perturbations and ±45◦ yaw ro-
tation perturbations. We train on 8 NVIDIA P100 GPUs for 2 days. During evaluation, we

5https://github.com/IFL-CAMP/easy_handeye
6https://github.com/pal-robotics/aruco_ros
7http://wiki.ros.org/rviz
8http://docs.ros.org/en/kinetic/api/moveit_tutorials/html/

https://github.com/IFL-CAMP/easy_handeye
https://github.com/pal-robotics/aruco_ros
http://wiki.ros.org/rviz
http://docs.ros.org/en/kinetic/api/moveit_tutorials/html/
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simply chose the last checkpoint from training (since we did not collect a validation set for
optimization). Inference is done on a single Titan X GPU.

C.5 Data Augmentation

PERACT’s voxel-based formulation naturally allows for data augmentation with SE(3) trans-
formations. During training, samples of voxelized observations v and their corresponding
keyframe actions k are perturbed with random translations and rotations. Translation per-
turbations have a range of [±0.125m,±0.125m,±0.125m]. Rotation perturbations are limited
to the yaw axis and have a range of [0◦, 0◦,±45◦]. The 45◦ limit ensures that the perturbed
rotations do not go beyond what is kinematically reachable for the Franka arm. We did exper-
iment with pitch and roll perturbations, but they substantially lengthened the training time.
Any perturbation that pushed the discretized action outside the observation voxel grid was
discarded. See the bottom row of Figure 4.11 for examples of data augmentation.

C.6 Demo Augmentation

k1

k2

FIGURE C.2: Keyframes and
Demo Augmentation.

Following James et al. [127], we cast every datapoint in a
demonstration as a “predict the next (best) keyframe action”
task. See Figure C.2 for an illustration of this process. In this
illustration, k1 and k2 are two keyframes that were extracted
from the method described in Section 4.3.2. The orange circles
indicate datapoints whose RGB-D observations are paired with
the next keyframe action.

C.7 Emergent Properties

In this section, we present some preliminary findings on the emergent properties of PERACT.

C.7.1 Object Tracking

FIGURE C.3: Object Tracker. Tracking an
unseen hand sanitizer instance.

Although PERACT was not explicitly trained for 6-DoF
object-tracking, our action detection framework can be
used to localize objects in cluttered scenes. In this
video, we show an agent that was trained with one
hand sanitizer instance on just 5 “press the handsan”
demos, and then evaluated on tracking an unseen san-
itizer instance. PERACT does not need to build a com-
plete representation of hand sanitizers, and only has to
learn where to press them. Our implementation runs at

https://peract.github.io/media/results/animations/handsan_tracking_v2.mp4


129

an inference speed of 2.23 FPS (or 0.45 seconds per frame), allowing for near real-time closed-
loop behaviors.

C.7.2 Multi-Modal Actions

“stack 3 yellow blocks”

“place 3 cups on the holder”

FIGURE C.4: Examples of Multi-Modal
Predictions.

PERACT’s problem formulation allows for modeling
multi-modal action distributions, i.e., scenarios where
multiple actions are valid given a specific goal. Fig-
ure C.4 presents some selected examples of multi-
modal action predictions from PERACT. Since there
are several “yellow blocks” and “cups” to choose from,
the Q-prediction distributions have several modes. In
practice, we observe that the agent has a tendency
to prefer certain object instances over others (like the
front mug in Figure C.4) due to preference biases in the
training dataset. We also note that the cross-entropy
based training method from Section 4.3.4 is closely re-
lated to Energy-Based Models (EBMs) [159, 81]. In
a way, the cross-entropy loss is pulling up expert 6-
DoF actions, while pushing-down every other action in
the discretized action space. At test time, we simply
maximize the learned Q-predictions, instead of mini-
mizing an energy function with optimization. Future
works could look into EBM [81] training and inference
methods for better generalization and execution per-
formance.
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Appendix D

ALFWorld

D.1 Details of BUTLER::BRAIN

In this section, we use ot to denote text observation at game step t, g to denote the goal de-
scription provided by a game. We use L to refer to a linear transformation and L f means it is
followed by a non-linear activation function f . Brackets [·; ·] denote vector concatenation, ⊙
denotes element-wise multiplication.

D.1.1 Observation Queue

As mentioned in Section 5.4.1, we utilize an observation queue to cache the text observations
that have been seen recently. Since the initial observation o0 describes the high level layout
of a room, including receptacles present in the current game, we it visible to BUTLER::BRAIN at
all game steps, regardless of the length of the observation queue. Specifically, the observation
queue has an extra space storing o0, at any game step, we first concatenate all cached observa-
tions in the queue, then prepend the o0 to form the input to the encoder. We find this helpful
because it facilitates the pointer softmax mechanism in the decoder (described below) by guid-
ing it to point to receptacle words in the observation. An ablation study on this is provided in
Section 5.6.

D.1.2 Encoder

We use a transformer-based encoder, which consists of an embedding layer and a transformer
block [281]. Specifically, embeddings are initialized by pre-trained 768-dimensional BERT em-
beddings [237]. The embeddings are fixed during training in all settings.

The transformer block consists of a stack of 5 convolutional layers, a self-attention layer,
and a 2-layer MLP with a ReLU non-linear activation function in between. In the block, each
convolutional layer has 64 filters, each kernel’s size is 5. In the self-attention layer, we use a
block hidden size H of 64, as well as a single head attention mechanism. Layernorm [20] is
applied after each component inside the block. Following standard transformer training, we
add positional encodings into each block’s input.
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At every game step t, we use the same encoder to process text observation ot and goal
description g. The resulting representations are hot ∈ RLot×H and hg ∈ RLg×H, where Lot is the
number of tokens in ot, Lg denotes the number of tokens in g, H = 64 is the hidden size.

D.1.3 Aggregator

We adopt the context-query attention mechanism from the question answering literature [301]
to aggregate the two representations hot and hg.

Specifically, a tri-linear similarity function is used to compute the similarity between each
token in hot with each token in hg. The similarity between i-th token in ho and j-th token in hg

is thus computed by (omitting game step t for simplicity):

Sim(i, j) = W(hoi , hgj , hoi ⊙ hgj), (D.1)

where W is a trainable parameter in the tri-linear function. By applying the above computation
for each ho and hg pair, we get a similarity matrix S ∈ RLo×Lg .

By computing the softmax of the similarity matrix S along both dimensions (number of
tokens in goal description Lg and number of tokens in observation Lo), we get Sg and So,
respectively. The two representations are then aggregated by:

hog = [ho; P; ho ⊙ P; ho ⊙ Q],

P = Sgh⊤g ,

Q = SgS⊤
o h⊤o ,

(D.2)

where hog ∈ RLo×4H is the aggregated observation representation.
Next, a linear transformation projects the aggregated representations to size H = 64:

hog = Ltanh(hog). (D.3)

To incorporate history, we use a recurrent neural network. Specifically, we use a GRU [52]:

hRNN = Mean(hog),

ht = GRU(hRNN, ht−1),
(D.4)

in which, the mean pooling is performed along the dimension of number of tokens, i.e., hRNN ∈
RH. ht−1 is the output of the GRU cell at game step t − 1.

D.1.4 Decoder

Our decoder consists of an embedding layer, a transformer block and a pointer softmax mech-
anism [96]. We first obtain the source representation by concatenating hog and ht, resulting
hsrc ∈ RLo×2H.

Similar to the encoder, the embedding layer is frozen after initializing it with pre-trained
BERT embeddings. The transformer block consists of two attention layers and a 3-layer MLP
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with ReLU non-linear activation functions inbetween. The first attention layer computes the
self attention of the input embeddings hself as a contextual encoding for the target tokens. The
second attention layer then computes the attention αi

src ∈ RLo between the source represen-
tation hsrc and the i-th token in hself. The i-th target token is consequently represented by the
weighted sum of hsrc, with the weights αi

src. This generates a source information-aware target
representation h′tgt ∈ RLtgt×H, where Ltgt denotes the number of tokens in the target sequence.
Next, h′tgt is fed into the 3-layer MLP with ReLU activation functions inbetween, resulting
htgt ∈ RLtgt×H. The block hidden size of this transformer is H = 64.

Taking htgt as input, a linear layer with tanh activation projects the target representation
into the same space as the embeddings (with dimensionality of 768), then the pre-trained em-
bedding matrix E generates output logits [222], where the output size is same as the vocabulary
size. The resulting logits are then normalized by a softmax to generate a probability distribu-
tion over all tokens in vocabulary:

pa(yi) = ESoftmax(Ltanh(htgt)), (D.5)

in which, pa(yi) is the generation (abstractive) probability distribution.
We employ the pointer softmax [96] mechanism to switch between generating a token yi

(from a vocabulary) and pointing (to a token in the source text). Specifically, the pointer soft-
max module computes a scalar switch si at each generation time-step i and uses it to interpo-
late the abstractive distribution pa(yi) over the vocabulary (Equation D.5) and the extractive
distribution px(yi) = αi

src over the source text tokens:

p(yi) = si · pa(yi) + (1 − si) · px(yi), (D.6)

where si is conditioned on both the attention-weighted source representation ∑j α
i,j
src · hj

src and
the decoder state hi

tgt:

si = Lsigmoid
1 (tanh(L2(∑

j
α

i,j
src · hj

src) + L3(hi
tgt))). (D.7)

In which, L1 ∈ RH×1, L2 ∈ R2H×H and L3 ∈ RH×H are linear layers, H = 64.

D.2 Training and Implementation Details

In this section, we provide hyperparameters and other implementation details.
For all experiments, we use Adam [146] as the optimizer. The learning rate is set to 0.001

with a clip gradient norm of 5.
During training with DAgger, we use a batch size of 10 to collect transitions (tuples of

{o0, ot, g, ât}) at each game step t, where ât is the ground-truth action provided by the rule-
based expert (see Section D.5). We gather a sequence of transitions from each game episode,
and push each sequence into a replay buffer, which has a capacity of 500K episodes. We set the
max number of steps per episode to be 50. If the agent uses up this budget, the game episode
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is forced to terminate. We linearly anneal the fraction of the expert’s assistance from 100% to
1% across a window of 50K episodes.

The agent is updated after every 5 steps of data collection. We sample a batch of 64 data
points from the replay buffer. In the setting with the recurrent aggregator, every sampled
data point is a sequence of 4 consecutive transitions. Following the training strategy used in
the recurrent DQN literature [102, 309], we use the first 2 transitions to estimate the recurrent
states, and the last 2 transitions for updating the model parameters.
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FIGURE D.1: Beam search for recovery actions.

BUTLER::BRAIN learns to generate actions
token-by-token, where we set the max token
length to be 20. The decoder stops genera-
tion either when it generates a special end-of-
sentence token [EOS], or hits the token length
limit.

When using the beam search heuristic to
recover from failed actions (see Figure D.1),
we use a beam width of 10, and take the top-
5 ranked outputs as candidates. We iterate
through the candidates in the rank order un-
til one of them succeeds. This heuristic is not
always guaranteed to succeed, however, we
find it helpful in most cases. Note that we do not employ beam search when we evaluate dur-
ing the training process for efficiency, e.g., in the seen and unseen curves shown in Figure 5.4.
We take the best performing checkpoints and then apply this heuristic during evaluation and
report the resulting scores in tables (e.g., Table 5.2).

By default unless mentioned otherwise (ablations), we use all available training games in
each of the task types. We use an observation queue length of 5 and use a recurrent aggregator.
The model is trained with DAgger, and during evaluation, we apply the beam search heuristic
to produce the reported scores. All experiment settings in TextWorld are run with 8 random
seeds. All text agents are trained for 50,000 episodes.

D.3 TextWorld Engine

Internally, the TextWorld Engine is divided into two main components: a planner and text
generator.

Planner TextWorld Engine uses Fast Downward [108], a domain-independent classical plan-
ning system to maintain and update the current state of the game. A state is represented by
a set of predicates which define the relations between the entities (objects, player, room, etc.)
present in the game. A state can be modified by applying production rules corresponding to
the actions listed in Table D.1. All variables, predicates, and rules are defined using the PDDL
language.
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For instance, here is a simple state representing a player standing next to a microwave
which is closed and contains a mug:

st = at(player, microwave)⊗ in(mug, microwave)

⊗ closed(microwave)⊗ openable(microwave),
(D.8)

where the symbol ⊗ is the linear logic multiplicative conjunction operator. Given that state, a
valid action could be open microwave, which would essentially transform the state by replacing
closed(microwave) with open(microwave).

Text generator The other component of the TextWorld Engine, the text generator, uses a
context-sensitive grammar designed for the ALFRED environments. The grammar consists
of text templates similar to those listed in Table D.1. When needed, the engine will sample a
template given some context, i.e., the current state and the last action. Then, the template gets
realized using the predicates found in the current state.

D.4 Mask R-CNN Detector

We use a Mask R-CNN detector [106] pre-trained on MSCOCO [163] and fine-tune it with ad-
ditional labels from ALFRED training scenes. To generate additional labels, we replay the
expert demonstrations from ALFRED and record ground-truth image and instance segmen-
tation pairs from the simulator (AI2-THOR) after completing each high-level action e.g., goto,
pickup etc. We generate a dataset of 50K images, and fine-tune the detector for 4 epochs with a
batch size of 8 and a learning rate of 5e-4. The detector recognizes 73 object classes where each
class could vary up to 1-10 instances. Since demonstrations in the kitchen are often longer as
they involve complex sequences like heating, cleaning etc., the labels are slightly skewed to-
wards kitchen objects. To counter this, we balance the number of images sampled from each
room (kitchen, bedroom, livingroom, bathroom) so the distribution of object categories is uni-
form across the dataset.

D.5 Rule-based Expert

To train text agents in an imitation learning (IL) setting, we use a rule-based expert for su-
pervision. A given task is decomposed into sequence of subgoals (e.g., for heat & place: find
the object, pick the object, find the microwave, heat the object with the microwave, find the
receptacle, place the object in the receptacle), and a closed-loop controller tries to sequentially
execute these goals. We note that while designing rule-based experts for ALFWorld is rela-
tively straightforward, experts operating directly in embodied settings like the PDDL planner
used in ALFRED are prone to failures due to physical infeasibilities and non-deterministic
behavior in physics-based environments.
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D.6 Benefits of Training in TextWorld over Embodied World

Pre-training in TextWorld offers several benefits over directly training in embodied environ-
ments. Figure D.2 presents the performance of an expert (that agents are trained to imitate)
across various environments. The abstract textual space leads to higher goal success rates re-
sulting from successful navigation and manipulation subroutines. TextWorld agents also do
not suffer from object mis-detections and slow execution speed.

FIGURE D.2: Domain Analysis. The performance of an expert across various environments.

D.7 Observation Templates

The following templates are used by the state-estimator to generate textual observations ot.
The object IDs {obj id} correspond to Mask R-CNN objects detection or ground-truth in-
stance IDs. The receptacle IDs {recep id} are based on the receptacles listed in the initial ob-
servation o0. Failed actions and actions without any state-changes result in Nothing happens.
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Actions Templates

goto

(a) You arrive at {loc id}. On the {recep id},
you see a {obj1 id}, ... and a {objN id}.

(b) You arrive at {loc id}. The {recep id} is closed.
(c) You arrive at {loc id}. The {recep id} is open.

On it, you see a {obj1 id}, ... and a {objN id}.

take You pick up the {obj id} from the {recep id}.

put You put the {obj id} on the {recep id}.

open
(a) You open the {recep id}. In it,

you see a {obj1 id}, ... and a {objN id}.
(b) You open the {recep id}. The {recep id} is empty.

close You close the {recep id}.

toggle You turn the {obj id} on.

heat You heat the {obj id} with the {recep id}.

cool You cool the {obj id} with the {recep id}.

clean You clean the {obj id} with the {recep id}.

inventory (a) You are carrying: {obj id}.
(b) You are not carrying anything.

examine
(a) On the {recep id}, you see a {obj1 id}, ...

and a {objN id}.
(b) This is a hot/cold/clean {obj}.

TABLE D.1: High-level text actions supported in ALFWorld along with their observation templates.

D.8 Goal Descriptions

D.8.1 Templated Goals

The goal instructions for training games are generated with following templates. Here obj,
recep, lamp refer to object, receptacle, and lamp classes, respectively, that pertain to a particular
task. For each task, the two corresponding templates are sampled with equal probability.

D.8.2 Human Annotated Goals

The human goal descriptions used during evaluation contain 66 unseen verbs and 189 unseen
nouns with respect to the templated goal instructions used during training.
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task-type Templates

Pick & Place (a) put a {obj} in {recep}.
(b) put some {obj} on {recep}.

Examine in Light (a) look at {obj} under the {lamp}.
(b) examine the {obj} with the {lamp}.

Clean & Place (a) put a clean {obj} in {recep}.
(b) clean some {obj} and put it in {recep}.

Heat & Place (a) put a hot {obj} in {recep}.
(b) heat some {obj} and put it in {recep}.

Cool & Place (a) put a cool {obj} in {recep}.
(b) cool some {obj} and put it in {recep}.

Pick Two & Place (a) put two {obj} in {recep}.
(b) find two {obj} and put them {recep}.

TABLE D.2: Task-types and the corresponding goal description templates.

Unseen Verbs: acquire, arrange, can, carry, chill, choose, cleaning, clear, cook, cooked,
cooled, dispose, done, drop, end, fill, filled, frying, garbage, gather, go, grab, handled, heated,
heating, hold, holding, inspect, knock, left, lit, lock, microwave, microwaved, move, moving,
pick, picking, place, placed, placing, putting, read, relocate, remove, retrieve, return, rinse,
serve, set, soak, stand, standing, store, take, taken, throw, transfer, turn, turning, use, using,
walk, warm, wash, washed.

Unseen Nouns: alarm, area, back, baisin, bar, bars, base, basin, bathroom, beat, bed, bed-
room, bedside, bench, bin, books, bottle, bottles, bottom, box, boxes, bureau, burner, butter,
can, canteen, card, cardboard, cards, cars, cds, cell, chair, chcair, chest, chill, cistern, cleaning,
clock, clocks, coffee, container, containers, control, controllers, controls, cooker, corner, couch,
count, counter, cover, cream, credit, cupboard, dining, disc, discs, dishwasher, disks, dispenser,
door, drawers, dresser, edge, end, floor, food, foot, freezer, game, garbage, gas, glass, glasses,
gold, grey, hand, head, holder, ice, inside, island, item, items, jars, keys, kitchen, knifes, knives,
laddle, lamp, lap, left, lid, light, loaf, location, lotion, machine, magazine, maker, math, metal,
microwaves, move, nail, newsletters, newspapers, night, nightstand, object, ottoman, oven,
pans, paper, papers, pepper, phone, piece, pieces, pillows, place, polish, pot, pullout, pump,
rack, rag, recycling, refrigerator, remote, remotes, right, rinse, roll, rolls, room, safe, salt, scoop,
seat, sets, shaker, shakers, shelves, side, sink, sinks, skillet, soap, soaps, sofa, space, spatulas,
sponge, spoon, spot, spout, spray, stand, stool, stove, supplies, table, tale, tank, television,
textbooks, time, tissue, tissues, toaster, top, towel, trash, tray, tv, vanity, vases, vault, vegetable,
wall, wash, washcloth, watches, water, window, wine.

D.9 Action Candidates vs Action Generation

BUTLER::BRAIN generates actions in a token-by-token fashion. Prior text-based agents typically
use a list of candidate commands from the game engine [3] or populate a list of command
templates [10]. We initially trained our agents with candidate commands from the TextWorld
Engine, but they quickly ovefit without learning affordances, commonsense, or pre-conditions,
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and had zero performance on embodied transfer. In the embodied setting, without access to
a TextWorld Engine, it is difficult to generate candidate actions unless a set of heuristics is
handcrafted with strong priors and commonsense knowledge. We also experimented with
populating a list of command templates, but found this to be infeasible as some scenarios
involved 1000s of populated actions per game step.

D.10 ALFRED Task Descriptions

The following descriptions describe the processes involved in each of six task-types:

• Pick & Place (e.g., “put a plate on the coffee table”) - the agent must find an object of the
desired type, pick it up, find the correct location to place it, and put it down there.

• Examine in Light (e.g., “examine a book under the lamp”) - the agent must find an object
of the desired type, locate and turn on a light source with the desired object in-hand.

• Clean & Place (e.g., “clean the knife and put in the drawer”) - the agent must find an
object of the desired type, pick it up, go to a sink or a basin, wash the object by turning
on the faucet, then find the correct location to place it, and put it down there.

• Heat & Place (e.g., “heat a mug and put on the coffee table”) - the agent must find an
object of the desired type, pick it up, go to a microwave, heat the object turning on the
microwave, then find the correct location to place it, and put it down there.

• Cool & Place (e.g., “put a cool bottle on the countertop”) - the agent must find an object
of the desired type, pick it up, go to a fridge, put the object inside the fridge and cool it,
then find the correct location to place it, and put it down there.

• Pick Two & Place (e.g., “put two pencils in the drawer”) - the agent must find an object
of the desired type, pick it up, find the correct location to place it, put it down there, then
look for another object of the desired type, pick it up, return to previous location, and
put it down there with the other object.

D.11 ALFWorld Text Game Examples

Three examples of ALFWorld text game walkthroughs:
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You are in the middle of a room. Looking quickly around you, you see a towelholder 1, 
a toilet 1, a bathtubbasin 1, a drawer 4, a handtowelholder 2, a drawer 6, a drawer 1, 
a countertop 1, a sinkbasin 1, a drawer 2, a drawer 3, a toiletpaperhanger 1, a drawer 5, 
a handtowelholder 1, a towelholder 2, a sinkbasin 2, and a garbagecan 1.

Your task is to: put a clean cloth in bathtubbasin.

> go to drawer 5
You arrive at loc 9. The drawer 5 is closed.
> open drawer 5
You open the drawer 5. The drawer 5 is open. In it, you see a candle 1.
> close drawer 5
You close the drawer 5.
> go to countertop 1
You arrive at loc 25. On the countertop 1, you see a cloth 2, a soapbottle 1, a cloth 1, 
and a candle 3.                                                               
> take cloth 1 from countertop 1
You pick up the cloth 1 from the countertop 1.
> go to sinkbasin 1
You arrive at loc 20. On the sinkbasin 1, you see nothing.
> clean cloth 1 with sinkbasin 1
You clean the cloth 1 using the sinkbasin 1.
> go to bathtubbasin 1
You arrive at loc 14. On the bathtubbasin 1, you see a soapbar 1.
> put cloth 1 in/on bathtubbasin 1
You won!

You are in the middle of a room. Looking quickly around you, you see a drawer 15, a drawer 19, 
a drawer 7, a armchair 1, a drawer 3, a drawer 16, a drawer 2, a drawer 17, a sidetable 3, 
a sidetable 5, a drawer 4, a drawer 20, a sofa 1, a drawer 13, a drawer 12, a drawer 9, 
a drawer 21, a sidetable 4, a sidetable 2, a drawer 5, a drawer 11, a drawer 1, a garbagecan 1, 
a dresser 1, a cabinet 1, a drawer 8, a drawer 18, a sidetable 1, a drawer 14, a drawer 6, 
and a drawer 10.

Your task is to: find two remotecontrol and put them in armchair.

> go to sidetable 2
You arrive at loc 34. On the sidetable 2, you see a remotecontrol 1.
> take remotecontrol 1 from sidetable 2
You pick up the remotecontrol 1 from the sidetable 2.
> go to armchair 1
You arrive at loc 1. On the armchair 1, you see nothing.
> put remotecontrol 1 in/on armchair 1
You put the remotecontrol 1 in/on the armchair 1.
> go to dresser 1
You arrive at loc 18. On the dresser 1, you see a creditcard 1, a television 1, a laptop 1, 
a book 1, a statue 2, and a cellphone 2.
> go to sidetable 5
You arrive at loc 17. On the sidetable 5, you see a box 1, and a creditcard 2.
> go to sofa 1
You arrive at loc 2. On the sofa 1, you see a newspaper 1, a pillow 1, and a remotecontrol 2.
> take remotecontrol 2 from sofa 1
You pick up the remotecontrol 2 from the sofa 1.
> go to armchair 1
You arrive at loc 1. On the armchair 1, you see a remotecontrol 1.
> put remotecontrol 2 in/on armchair 1
You won!

You are in the middle of a room. Looking quickly around you, you see a safe 1, a shelf 4, a drawer 2, 
a bed 1, a drawer 1, a shelf 5, a shelf 2, a sidetable 2, a shelf 3, a drawer 3, a shelf 1, a sidetable 1, 
a desk 1, and a garbagecan 1.

Your task is to: examine the alarmclock with the desklamp.

> go to desk 1
You arrive at loc 8. On the desk 1, you see a pen 1, a bowl 1, a alarmclock 2, a pencil 2, a pencil 3, 
a creditcard 3, a book 1, a alarmclock 3, a keychain 3, and a book 2.
> take alarmclock 2 from desk 1
You pick up the alarmclock 2 from the desk 1.
> go to sidetable 2
You arrive at loc 1. On the sidetable 2, you see a desklamp 1, and a alarmclock 1.
> use desklamp 1
You won!
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