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Abstract— 1t has been a popular trend in Al to pretrain foun-
dation models on massive data. However, collecting sufficient
offline training trajectories for robot learning is particularly
expensive since valid control actions are required. Therefore,
most existing robotic datasets are collected from human experts.
We tackle such a data collection issue with a new framework
called “robot self-teaching”, which asks the robot to self-
generate effective training data instead of relying on human
demonstrators. Our key idea is to train a separate data-
generation policy operating on the state space to automatically
generate meaningful actions and trajectories with ever-growing
complexities. Then, these generated data can be further used to
train a visual policy with strong compositional generalization
capabilities. We validate our framework in two visual manipu-
lation testbeds, including a multi-object stacking domain and a
popular RL benchmark “Franka kitchen”. Experiments show
that the final visual policy trained on self-generated data can
accomplish novel testing goals that require long-horizon robot
executions. Project website https://sites.google.com/
view/robot-self-teaching.

I. INTRODUCTION

Pretraining has recently become the most popular training
paradigm in artificial intelligence. Large-scale training on a
vast quantity of pre-collected data has demonstrated promi-
nent generalization power in a wide range of downstream
tasks, such as pattern recognition [1], image/video synthe-
sis [2], and language understanding [3], [4], [5], resulting
in a promising direction toward artificial general intelli-
gence [6]. Similar efforts have been made in learning general
robot control policies from a pre-collected large dataset of
diverse robot trajectories [7], [8], [9]. Such a paradigm that is
often called offline reinforcement learning (RL) can produce
strong policies with minimal fine-tuning efforts [10], [9] or
even in a zero-shot manner [11], [12].

A fundamental challenge for offline RL methods is how
to collect sufficient robot trajectories. Robot trajectories are
more expensive to collect than images or texts, since
they should contain the control actions in addition to the
robot states. The trajectories are typically collected from a
heavily engineered robot system with human feedback [13]
or from a human demonstrator directly teleoperating the
robots [14], [15]. To overcome this challenge, some very
recent works leverage pretrained video or text models for
high-level behavior guidance and then additionally train an
action generation model for control [16]. However, how to
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precisely ground the robot states and actions to the inputs of
foundation models remains an open challenge.

In this paper, we tackle the data collection challenge
for robot pretraining by asking the robot to self-generate
meaningful data. Our key idea is to train a separate data-
generation policy to automatically produce robot trajectories
with ever-growing complexities. Then, these generated tra-
jectories can be used for training the desired visual control
policy. We call this framework “robot self-teaching” (RST)
since all the pre-training trajectories are produced by the
robot itself with minimal human intervention. We realize the
RST framework in the domain of goal-conditioned multi-
object manipulation, where a goal image specifies the goal
state for the robot to reach. As illustrated in Fig. 1, we first
collect a small-scale seeding dataset containing demonstra-
tions of basic tasks such as manipulating a single object
to warm-start the data-generation policy. Then the data-
generation policy operating on the state space repeatedly
discovers novel tasks with increasing difficulties and pro-
duces feasible solution trajectories to keep augmenting the
dataset. Finally, this enhanced dataset is used to train our
desired visual policy for strong compositional generalization
over unseen tasks at test time in a zero-shot fashion.

The most critical challenge of our RST framework is to
consistently discover meaningful novel tasks. This is nontriv-
ial because the newly discovered task must be solvable for
the data-generation policy so that valid control actions can
be generated. Meanwhile, the discovered task cannot be too
easy either. For example, the robot can always push a single
object to random positions on a table to generate arbitrarily
many valid trajectories. However, these trajectories may not
provide effective training signals for the final visual policy.
We propose a novel approach called task expansion, which
progressively discovers novel and solvable tasks in an open-
ended fashion. Task expansion takes the value function of
the data-generation policy as a progression metric. Once
the data-generation policy successfully reaches a desired
goal state from an initial state, task expansion performs a
state-space search to find a novel goal state such that it
is reachable, i.e., a high value from the current state, but
also sufficiently challenging, i.e., a low value from the initial
state, so that the skill level of the data-generation policy can
be progressively improved. Such a task expansion process
naturally yields an open-ended task curriculum with paired
control actions of ever-growing complexities.
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979-8-3503-7769-9/24/$31.00 ©2024 IEEE 5813



Collect seeding data

Self-generate data with a state-based policy

Visual distillation

|
Sy ST 0o @
=

dataset of
basic tasks

L1

I

1

|

1

| [ |

So 0 9 @ !
W‘ > = N

o ST !

|

1

I

iterative task expansion

dataset of
complex tasks

Fig. 1: Overview of the robot self-teaching framework. Starting from a small dataset of basic tasks collected by humans, the
robot progressively generates a large dataset of complex behaviors via multiple rounds of task expansion. A visual policy
is distilled from the generated dataset and could generalize to complex multi-stage tasks in a zero-shot manner.

structures from an initial dataset consisting of single block
movement. The final visual policy achieves over 40% zero-
shot success rate when tested on human-designed novel
goal structures. We also evaluate RST in a popular of-
fline RL benchmark “Franka kitchen”. RST reaches long-
horizon goals that require interacting with four components
in the kitchen, utilizing seeding trajectories of single-object
manipulation, while a planning-based offline RL baseline
completely fails to solve these complex tasks.

II. RELATED WORK

Robot learning with massive offline data: Offline RL
studies the training of an RL agent from a fixed dataset [7],
[17], [18], [19], and optionally fine-tuning the agent with
some online interactions in target domains [10], [20].

Learning RL agents from offline datasets that could gen-
eralize to unseen and potentially long-horizon compositional
tasks has attracted much research interest [14], [11], [12].
A notable line of work learns goal-conditioned agents from
a dataset containing rich and diverse behaviors and could
generalize to long-horizon tasks by stitching policies across
different episodes [11]. Some recent works explicitly train
a planner from offline datasets that can compose goal-
conditioned policies [14], [21], [22] or extract a hierarchy
of policies [23] to better deal with temporally extended
problems. Our method similarly starts from an offline dataset,
but instead of only learning from the provided data, our agent
procedurally creates tasks and solutions with a higher level
of compositionally by itself to greatly enhance the dataset,
which is an under-explored direction in offline RL.

There is also success in leveraging the reasoning ability
of large models to scale up robot policies learned from
offline datasets to long-horizon tasks [24], [25], [26]. They
bypass the challenging part of learning complex policies
with external pre-trained models and the robot only focuses
on basic tasks. In contrast, our agent self-augments data
of basic tasks into a massive dataset containing complex
behaviors and distills a flat policy that itself is capable of
multi-stage problems. A recent work BOSS [27] leverages
LLM to chain language-conditioned tasks into more complex
ones captioned with natural language, while we focus on
visual manipulation tasks that require more precise goal
specification such as stacking.

Curriculum generation: A bunch of literature in cur-
riculum learning [28] (CL) for RL studies how to create a

curriculum of subgoals/initial states to accelerate the con-
vergence to the most challenging tasks [29], [30], [31],
[32]. These methods propose to sample tasks with moderate
difficulty for the current agent and result in a curriculum of
tasks from easy to hard. Task expansion is technically similar
to goal-generation methods, but with very distinct settings.
CL typically assumes the prior knowledge about the desired
tasks to solve, while our agent does not know the existence of
any targeted tasks in a prior and generates increasingly more
complex tasks in an open-ended manner. Our open-ended
generation of tasks and their solutions is conceptually similar
to evolutionary environment generation [33], [34]. Similar
ideas of creating tasks with an ever-growing complexity have
also been explored in other domains such as exploration [35]
and representation learning [36].

Teacher-student learning: Our framework leverages the
output of a state-based policy (“teacher”) to distill a visual
policy (“student”), which is teach-student learning or privi-
leged learning [37] commonly adopted in robot learning. A
teacher policy is first trained with privileged information such
as ground truth states and even unobservable environmental
factors, then distilled to a student policy with the available
sensory inputs in deployment. Teacher-student learning has
been applied to mitigate the optimization challenges in robot
control [38], [39], [40] and for sim-to-real transfer [41]. RST
runs task expansion using state information to more easily
discover meaningful new tasks, and it leverages the rollouts
of state-based policies to teach a visual policy, which does
not require privileged information during test time.

III. PRELIMINARY

We consider the setting of goal-conditioned Markov
decision process with 0/1 sparse rewards, which is
(F,0,9 ,P(s|s,a),9%), 90 T r(s,a,g),y). & is the
low-dimensional state space, ¢ is the visual observation
space, ./ is the action space, ¥*) and () are the goal
spaces indicating the desired state and image. P(s'|s,a) is the
probability of the transition from state s to state s’ after taking
action a, and 7 is the discounted factor. The reward function
r(s,a,g) is 1 only if the current state s reaches the goal g
within some precision threshold and otherwise 0. .7 is the
task space represented as a set of paired initial states so and
goals g from which to reset each episode. During the iterative
data generation process of our framework, the task set varies
among different rounds. An episode terminates either when
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the goal is achieved or the agent reaches a maximum number
of steps. We train a state-input agent 7(als,g!*)) for the data
generation purpose during task expansion and finally distill
to a visual policy 7(alo,g(®). We will use x to denote state
s or image o input in the following.

We adopt a model-free actor-critic algorithm PPO [42] to
train the goal-conditioned RL policy g (a|x,g")) parameter-
ized by 6 and an universal value function [43] V,(x,g™)).

We also adopt behavior cloning (BC) to train the policy
from a dataset & of goal-conditioned state-action or image-
action pairs. The objective to minimize is

Loe = By 4 40 p |~ 10g 7o (alx, ™). (1)

IV. METHOD

The robot self-teaching paradigm starts from learning
basic tasks from a seeding dataset that might be collected by
humans, then progressively creates more data by the agent
itself to facilitate generalizing to complex problems. To self-
generate meaningful behaviors, we propose task expansion
that could compose learned policies in state space to create
data for more complex long-horizon tasks. A visual policy is
then distilled from the self-generated massive data and could
generalize to more complex tasks in a zero-shot manner. The
overall framework is illustrated in Fig. 1. We introduce three
parts of RST: warm-starting basic policy from a seeding
dataset, self-generating data with task expansion, and dis-
tillation of a visual policy from the generated dataset.

A. Kickstart learning from a seeding dataset

RST starts from learning a seeding policy from an ex-
isting dataset. In the compositional manipulation setting
we consider, there are exponentially many combinations of
subtasks thus infeasible for a human labeler to demonstrate
full trajectories. Instead, we only expect the dataset to contain
basic behaviors interacting with single objects, such as pick-
and-place, pulling a handle, and rotating a knob. In the block-
stacking domain, the initial dataset comes from a scripted
policy to transport cuboids; in the kitchen domain, we chunk
the publicly available offline dataset into shorter trajectories
demonstrating primitive skills. We train a goal-conditioned
policy by BC over these trajectories, then robustify it with
PPO [42] over the basic tasks in the seeding dataset.

B. Self-generating data via task expansion

In order to obtain a robot capable of more complex
tasks than the ones provided in the seeding dataset without
expensive expert labeling, we let the agent augment the
dataset with self-generated trajectories. To generate meaning-
ful novel tasks and trajectories, we propose task expansion
that expands out more complex tasks from a successful
trajectory by composing existing policies to it. The agent
runs task expansion for multiple iterations to progressively
generate data with higher levels of complexity, and restores
all generated data for the final visual distillation stage.

Each iteration of task expansion works as follows. Given
a successful trajectory with initial state so and terminal state
sT, we aim to extend it to a more complex trajectory from sg

to a new goal g by composing another learned strategy after
st. As shown in Fig. 2, we adopt a sampling-based method to
expand the goal. For each successful trajectory, we randomly
sample a bunch of candidate goals from the goal space, then
select the best new goal g* based on a metric defined over
the universal value function Vi (s,g) by

g= argmax Vo(sT,8) — Vo (s0,8)- (2)

Since the learned universal value function approximates the
reachability between states under the 0/1 sparse reward
setting, the metric would encourage selecting goals that are
reachable from s7 while being non-trivial to solve from sg.
In the illustrated example, the original successful trajectory
is moving the kettle forward. A new goal g that moves
the kettle back will not be selected since the agent already
learns to move the kettle and the resulting task (so,g’)
cannot effectively expand the range of solvable task range
of the agent. Another goal that additionally turns the bottom
burner on is selected, which leads to a new task involving
manipulating two components. The agent then executes the
state-based policy to generate a trajectory from the original
terminal state s7 to the discovered new goal g*. If the rollout
is successful, it combines the trajectory with the original one
and obtains a demonstration for a novel task (sg,g*).

The expanded trajectories are successful but might not
be optimal for the newly discovered tasks (so,g*), thus
we further improve the data quality by training the state-
based policy over these tasks. The policy is first trained with
behavior cloning (BC) using expanded trajectories to get a
good starting point. We again adopt PPO [42] to finetune
this policy on generated tasks so as to revise minor errors
after BC. We then execute the tuned policy on the tasks
discovered in task expansion and collect all the states, visual
observations, and actions as the self-generated dataset for
future visual policy learning.

The newly generated tasks and their solutions would
trigger the next round of task expansion and induce a more
skillful policy to create data with growing complexity. With
multiple rounds of task expansion, the agent will accumulate
a massive amount of data demonstrating complex tasks.

Implementation: When sampling candidate goal states
during task expansion, we incorporate minimal domain
knowledge of object-centric environments, by only perturb-
ing the states of one object in the original terminal state to
create goal states.

C. Distill a generalizable visual policy

After self-generating a huge dataset containing complex
behaviors from multiple rounds of task expansion, we can
distill a generalizable visual-based policy using the image ob-
servations, image goals and corresponding actions predicted
by the state policy stored in the dataset. The visual policy first
processes the image observations and goals with an encoder
specific to different domains and optionally concatenate them
with other proprioceptive states to predict actions, and is
trained with imitation learning. Other offline RL methods
could also be applied but are not the focus of this work.
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Fig. 2: Illustration of task expansion. Given a successful trajectory so — sr, the agent first searches for a new task g* that
is reachable from sz but hard to solve from sg, then expands the trajectory by executing its policy from s to g*. The agent
improves its policy with expanded trajectories and stores its own rollouts for the next round of task expansion.

The trained visual policy is directly applied to unseen evalu-
ation tasks that require sequentially accomplishing multiple
subtasks without any fine-tuning on these target tasks.

V. EXPERIMENT

We conduct empirical studies in two visual manipulation
domains. We first experiment in a block-stacking domain to
see whether RST can discover building structures by itself
and give construction plans when tested over goal images of
human-designed structures. We then apply RST to a standard
offline RL benchmark “Franka kitchen”, where RST achieves
an impressive success rate on unseen multi-stage evaluation
tasks. The experiments are repeated for 3 seeds.

A. Block-stacking domain

In the multi-object stacking domain with a maximum of
6 cuboid blocks on a desk, the robot aims to move objects
to their corresponding target positions and meanwhile keep
them stable there. In data-generation policy training, the
goal is specified as target poses of some blocks. The target
positions can be in the air, which requires some non-target
blocks stacked below. Each action selects one object and
its desired pose and directly teleports that object in the
simulator, similar to the setting in [44]. The agent only
receives a non-zero reward when all targets are reached
stably. In task expansion, the agent samples new tasks by
adding one target object, modifying one target to a new
position, or associating one target with another object.

When distilling a visual policy for validation in simulation,
we adopt a slot-attention [45] module to encode images
as object-centric features, then fuse them with a Trans-
former [46] to predict actions. The slot-attention encoder
is trained over all images in the generated dataset with an
unsupervised reconstruction loss and is then fixed when train-
ing other parts of the visual policy with behavior cloning.
For deployment to the real world, we add intensive domain

o -

I-shape 3T-shape Y-shape

Data source “T” sr. (%) ‘3T sr. () “Y” sr. (%)
round 1 0.7£1.2 4.0£1.7 0.0+0.0
round 2 0.7+0.6 2.0+1.0 0.0+0.0
round 1, 2 9.7+1.5 19.0+4.4 1.6+0.6
round 3 10.0+3.6 25.3+5.8 1.3+0.6
round 1, 2,3 28.0+1.7 41.7+4.0 15.0+3.0
Direct RL 0.0+0.0 0.0+0.0 0.0+0.0

TABLE I: Zero-shot success rate and the standard deviation
of our visual stacking policy distilled from datasets generated
in task expansion and the result of directly training RL on
these evaluation tasks. The policies are evaluated over three
categories of unseen structures. “Direct RL” fails due to the
hard-exploration issue in our binary sparse reward setting.

randomization to the visual properties of the simulation, and
instead train a diffusion policy [47] with an ResNet18-based
encoder [48] from scratch in distillation.

a) Main results: After collecting data with three rounds
of task expansion, we distill a visual policy and test whether
it can generalize to challenging compositional tasks that are
never provided to it before. As shown in Table I, we design
three categories of goals named “I”, “3T” and “Y”, and test
from initial states with all blocks randomly scattered on the
desk. We try distilling visual policies from different portions
of the self-generated data and test each policy by rolling
out 100 episodes for every evaluation goal. The zero-shot
performance on all the evaluation tasks gets better using data
generated from later rounds of task expansion. The best result
is achieved using the full data from all three rounds.

We also compare with a naive RL method which first
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Fig. 3: Strategies in image-based block-stacking evaluation
tasks. Each row shows how our agent solves one type of task.
The first four columns show the observations along rollout
trajectories and the last column is the goal image.

learns to move single objects with BC from the same initial
dataset as RST, then directly optimizes the state-based policy
over the evaluation goal distribution with PPO. Since the
agent can only get a positive reward when all the goals
are reached which is extremely difficult to explore, it does
not make any progress after 137M timesteps of training.
Therefore, RST can be viewed as an automatic curriculum
that smooths out the challenges of directly optimizing strong
compositional problems under sparse reward.

b) Deployment to the real world: To mitigate the sim-
to-real gap, we randomize the textures, lighting and camera
poses of the simulator and render the generated data as
images to distill a vision policy. The policy is deployed to
a real Franka panda robot to build various structures that
match goal images. At each step, the policy takes as input the
current image observation captured by a front-view camera,
as well as the goal image depicting the desired pose for all
blocks. By incorporating the goal image as input, the visual
policy is tailored for direct generalization to new structures.
The learned strategy is illustrated in Fig. 3, where the policy
execution is in the first four columns and the goal images are
in the last column. The visual policy is capable of both easier
goal configurations that simply rearrange blocks on the table
surface (the first two rows), and harder structures with the
blocks stacked into various shapes (the last four rows).

c) Analysis of generated data in task expansion:
Figure 4 shows the distribution of the maximum height of
the target positions in each task for each round of task
expansion respectively, which presents a tendency towards
higher targets as the number of rounds increases. ~ We also
illustrate samples from different rounds of task expansion
in the self-generated dataset. RST generates progressively
more complex data as shown in Fig. 5. In the first round
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Fig. 4: Distribution of maximum heights (mh) of target
objects in generated tasks during task expansion in the
block-stacking domain. The generated tasks gradually shift
to higher structures with more expansion rounds, indicating
more blocks stacked together.

Methods “I7 sr. (%) “3T” sr. (%)  “Y” sr. (%)
RST w/o restr.  6.6£3.8 0.7+0.4 0.240.1
RST init2new 14.5+8.1 0.1£0.1 0.4+0.3
RST end2new 13.4£9.7 2.54+4.2 1.0£0.9
RST 70.8+18.6  44.3+6.7 8.0+7.0

TABLE 1II: Success rate of zero-shot evaluation compared
with other design choices. All variants use the policies after
the first round of task expansion for evaluation.

of expansion, the agent discovers a single “T” shape. It
becomes capable of building multiple towers and stacking
more cuboids together in later rounds.

d) Ablation studies: We ablate the restriction of only
allowing one goal to be different from the original task
by sampling new goals randomly in the goal space (“w/o
restr.””). As shown in Table II, it performs worse than our
presented method, possibly because goal sampling with
the restriction could generate more feasible tasks. We
study other metrics to select the best new goal in task
expansion by choosing argmax, Vy(s7,g) (“end2new”) or
argming Vi (s0,¢) (“init2new”). As is shown in Table II, the
variants with “init2new” and “end2new” metrics both gener-
alize significantly worse. These results imply that generating
new tasks that are both feasible by composing previous
policies and challenging enough for the current agent to
improve is critical to the success of RST.

B. Franka kitchen domain

In the “Franka kitchen” environment from D4RL [49], The
agent controls a Franka robot to manipulate components in
a simulated kitchen, including a microwave (“M”), kettle
(“K”), light switch (“L”), two burners (“B” and “T”), and
two cabinets (“S” and “H”). The states and goals are defined
over the degrees of freedom of the robot and objects. The
visual observations and goals are third-person-view images.
The action space is the 9 joints of the robot. In the original
benchmark, the initial states and goals are sampled from a
predefined distribution. During self-data generation, we let
the environment reset from starting and desired states pro-
posed by our agent. A trajectory is considered as successful
and the agent gets a reward of 1 only if all the elements
reach their desired states, otherwise, the reward signal is O.
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(a) The first round (b) The second round

(c) The third round

Fig. 5: Generated data (initial state —goal state) during different rounds of task expansion. Progressively more challenging
structures that require moving more cuboids are generated by our agent.

HM MT HLM BKT BLM LMST BLST HLMT
RST 0.99+0.01 093+0.03 0.51+£0.02 045+£0.10 0.52+0.04 0.72£0.05 0.46+0.22 0.52£0.15
FLAP [22] 0.00£0.00  0.09£0.01  0.00£0.00 0.00+£0.00 0.01+0.01  0.00£0.00  0.00£0.00  0.00£0.00
State @ 1" rd.  0.31+0.43  0.00£0.00  0.00£0.00  0.00+£0.00 0.00+0.00 0.00+0.00  0.00£0.00  0.00£0.00
State @ 4" rd.  0.45+0.33  0.99+0.01 0.244+0.26 0.00£0.00 0.07+£0.10  0.33+0.20 0.47+0.30 0.41+0.22
State @ 8" rd.  0.97+£0.02 0.99+0.00 0.43+0.23  0.00+£0.00 0914+0.06 0.70+£0.15 0.50+£0.24  0.8040.09

TABLE III: Mean and std. of zero-shot success rate on test tasks composed of different combinations of components to
interact with in Franka Kitchen. Each number is evaluated with 100 trials. “RST” denotes the distilled visual policy.

two-stage task

microwave

three-stage task

four-stage task

p 2

initial microwave

hinge cabinet

top burner

light switch slide cabinet goal

Fig. 6: Rollouts of the learned visual policy for solving evaluation tasks that require sequentially manipulating two, three
and four components in the Franka kitchen domain. The goal images are shown in the rightmost column.

We split the “kitchen-partial” dataset into shorter chunks
containing interaction with single components and relabel
each chunk as a successful demo of the task (s;,g =s;)
to form the seeding dataset. During task expansion, We
randomly perturb the achieved state of one component in the
kitchen as sampled new goals. We run 8 rounds of expansion
in total to generate a large dataset. In visual distillation, we
adopt pre-trained R3M [50] to process the images.

a) Main results: To validate the compositional gen-
eralization ability, we specify several evaluation tasks that
require sequentially interacting with multiple components,
and are named with abbreviations of components that should
be moved. In Table III, we report the zero-shot evaluation

success rate of an image-based agent distilled from the last
three rounds of generated data, and also the performance of
the state-based agent after 1, 4, and 8 round(s) of expansion
as reference. Our image-based agent (first row) achieves
impressive performance over a broad range of compositional
tasks that require manipulating 2, 3, or 4 components.
The success rates of our state-based agent after different
rounds of expansion (last three rows) show that the agent
gradually generalizes to problems with increasing difficulty.
Interestingly, our image-based agent sometimes demonstrates
better zero-shot generalization ability than the state-based
ones (e.g., the “BKT” task) possibly due to the benefit of
multi-task training over the generated broad dataset.
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Fig. 7: Statistics of generated data in Franka kitchen. Each
bar shows the number of generated tasks that require ma-
nipulating a specific number of components. RST discovers
more complex tasks with more rounds of expansion.

Till 8" rd.
1.799M

Till 47" rd.
1.059M

Till 1% rd.
323k

Initial

133k

# data

TABLE IV: The accumulated number of self-generated state-
action pairs in different rounds of expansion in RST.

We compare with FLAP [22], an offline method that
learns goal-conditioned skills and an affordance model from
datasets and then plans subtasks to solve multi-stage prob-
lems. Following their original setting of learning from a
dataset containing primitive robot skills, we use our seeding
dataset to train FLAP. We adopt the same R3M [50] encoder
for FLAP as our method. With our best efforts of tuning,
FLAP gets some zero-shot success on two-stage tasks but
fails completely on tasks with four stages. We also try to
tune FLAP by allowing it to do online interactions over
the evaluation tasks, but it fails to make progress, possibly
because its planning and affordance model learns poorly
from a small seeding dataset. We argue that the performance
of such planning-based methods could be largely limited by
the capability of a planner to break down complex problems,
while RST self-generates data with growing complexity and
can scale up to compositional problems better.

b) More analysis: The number of components that
differ in initial and goal states in self-generated data is
shown in Fig. 7. In the early rounds of task expansion, most
discovered tasks only perturb one or two components. After
several rounds, complex tasks that require interacting with
four or more components start to emerge. We also report the
accumulated number of data generated by RST after different
rounds of expansion in Table IV. Initially, there are only 133k
steps in the seeding dataset. RST progressively creates more
data in each round, inducing a rich dataset with > 10X more
data than the initial one provided to it.

VI. CONCLUSION

We present robot self-teaching, a novel framework that
self-generates effective tasks and trajectories to train a gen-
eralizable visual control policy in multi-object manipulation
scenarios, instead of relying on datasets purely collected
by humans. At the core of RST is task expansion, which
progressively creates data with increasing complexity by

composing previously learned tasks. RST focuses on com-
positional generalization currently, and complementary data
augmentation techniques [51] could be integrated to enable
other aspects of generalization. We believe leveraging self-
generated data is a promising direction for pre-training
general robot control policies to tackle real-world problems.
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