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Abstract: Imitation learning is a powerful tool for training robot manipulation
policies, allowing them to learn from expert demonstrations without manual pro-
gramming or trial-and-error. However, common methods of data collection, such as
human supervision, scale poorly, as they are time-consuming and labor-intensive. In
contrast, Task and Motion Planning (TAMP) can autonomously generate large-scale
datasets of diverse demonstrations. In this work, we show that the combination
of large-scale datasets generated by TAMP supervisors and flexible Transformer
models to fit them is a powerful paradigm for robot manipulation. We present a
novel imitation learning system called OPTIMUS that trains large-scale visuomotor
Transformer policies by imitating a TAMP agent. We conduct a thorough study of
the design decisions required to imitate TAMP and demonstrate that OPTIMUS
can solve a wide variety of challenging vision-based manipulation tasks with over
70 different objects, ranging from long-horizon pick-and-place tasks, to shelf and
articulated object manipulation, achieving 70 to 80% success rates. Video results
and code at https://mihdalal.github.io/optimus/
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1 Introduction
Large-scale data-driven learning, powered by the Transformer architecture [1], has transformed the
fields of natural language processing (NLP) and computer vision (CV). Large models at the scale
of billions of parameters, trained on massive corpi [2, 3, 4] exhibit powerful capabilities such as
writing coherently [2, 5], answering questions [6], and image classification [7, 8] and generation [9].
Although there is recent work applying large Transformers to robot learning [10, 11, 12], the
recipe of large-scale data-driven learning and Transformers has not yet achieved the same level of
widespread success in robotic manipulation. One significant bottleneck is a lack of useful data – data
collection is especially challenging because it requires the robot to interact in real-time with the
world. Furthermore, not all data is useful: the collected interactions should be relevant for solving
manipulation tasks of interest. Finally, for learned policies to be broadly applicable, they require
access to a diverse set of task instances, which necessitates a scalable data collection pipeline.

Prior work has used human teleoperation [13, 14, 15, 16, 17, 18, 19] to collect large robot manipu-
lation datasets, enabling training large scale models [20, 10]. However, this can require significant
human time and labor – RT-1 [10] required 1.5 years of data collection. Other works have used
reinforcement learning (RL) – this has the potential to scale more efficiently via autonomous data
collection, but it is prohibitively expensive to run in terms of robot time due to its sample ineffi-
ciency [21, 22, 23, 24], and requires significant computation time and human reward engineering
[25, 26]. In this work, we consider an alternative form of supervision, Task and Motion Planning
(TAMP) [27], which addresses some key limitations of prior data-collection techniques. TAMP plans
a discrete sequence of objects to interact with and how to manipulate them, and continuous motions
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Figure 1:Long-horizon task visualization. We visualize the initial state and each intermediate pick state for
the pick-and-place task. Note there is signi�cant variation in geometry across each object, requiring the agent to
perform a diverse series of grasps to complete the task.

that safely and correctly facilitate these interactions. TAMP supervision is bene�cial because it:
1) collects dataautonomouslyand 2)ef�ciently generates demonstrations by leveraging privileged
information. TAMP can generate supervision on a wide distribution of task instances, producingtask
relevant, diverse, large-scaledatasets for robot-learning.

However, TAMP on its own requires accurate estimation of the scene geometry and its state, is
not reactive, and can spend signi�cant time on planning. Instead, we propose to imitate TAMP
across a wide range of tasks using closed-loop, visuomotor Transformer policies. As a result, we
obtainfast-to-execute, reactiveagents that can solve long horizon manipulation taskswithout state
estimation. Furthermore, by training on large, diverse datasets of successful trajectories, we show in
our experimental evaluation that large Transformer policies have the capability of improving beyond
TAMP performance. Finally, we note that while McDonald et al. [28] have also learned closed-loop
policies from TAMP supervision, we perform an extensive study of the challenges in imitating
TAMP, evaluate models across a wide range of tasks, and demonstrate novel capabilities including
high-frequency end-to-end visuomotor control, task plan adaptation and scene generalization.

However, there existf challenges in imitating TAMP include learning from decisions made based on
privileged information and multimodal demonstrations [29, 15]. To address these challenges, we
proposeOf�ine PretrainedTAMP Imitation System, or OPTIMUS, a system for training visuomotor
Transformer policies via imitation learning.Our contributions are:
� a novel framework for training visuomotor Transformer policies for high-frequency (30-50Hz)
low-level control by taking advantage of TAMP supervision
� an empirically validated data-generation pipeline and study of the insights required to imitate TAMP
� strong results demonstrating that our trained policies can solveover 300long-horizon manipulation
tasks involving up to8 stagesand72different objects, achieving success rates ofover 70%

2 Preliminaries

Related Work: OPTIMUS builds on a rich history of work in imitation learning and TAMP
for robotic manipulation. In this work, we focus on the setting of of�ine learning via behavior
cloning [30], in which a plethora of work has leveraged human demonstrations to learn effective
policies [29, 31, 32, 33, 34, 35, 36, 37, 10, 20, 38, 39]. Our work instead relies on a TAMP supervisor,
which can generate large, diverse datasets without human supervision. Furthermore, we build on
recent work using Transformers for imitation [12, 40, 41, 10, 42, 43] by designing a fast to execute,
visuomotor architecture operating over low-level control inputs. Finally, our system uses Task and
Motion Planning [27, 44] to generate imitation data, a paradigm that has been recently explored in
approaches that imitate planning [45, 46, 47] as well as TAMP directly [28]. In contrast to such
prior work, our system adapts the TAMP data-generation process for improved imitation learning
and uses a Transformer architecture that does not require any scene or task speci�c knowledge. See
Appendix G for full related work.

Background: We address Partially Observable Markov Decision Processes (POMDP)
hS; A ; T ; R; p0; 
 ; O; 
 i , whereS is the set of environment states,A is the set of actions,T (s0 j s; a)
is the transition probability distribution,R(s; a) is the reward function,p0 de�nes the distribution of
the initial states0 � p0, 
 is the set of observations,O(o j s) is the observation distribution, and
 is
the discount factor. We consider sparse reward POMDPs whereR(s; a) � � 1s=2S � is zero at terminal,
goal statesS� � S and elsewhere negative one. Solutions arepolicies� � (ot ; ht ) that operate on
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Figure 2:OPTIMUS system. Column 1: We generate a variety of tasks with differing initial con�gurations
(left) and goals (right). Column 2: We transform TAMP joint space demonstrations to task space (top), go from
privileged scene knowledge in TAMP to visual observations (middle) and prune TAMP demonstrations based on
workspace constraints.Columns 3 and 4: We perform large-scale behavior cloning using a Transformer-based
architecture and execute the visuomotor policies.

the historyht = ( o1; a1; :::; ot � 1; at � 1) of observationso 2 
 and actionsa 2 A , outputting the
next actionat = � � (ot ; ht ). The objective is to �nd a policy� � (ot ; ht ) that maximizes the expected
policy returnE[

P 1
t =1 R(st ; at )]. In this context, for behavior cloning,� � (ot ; ht ) is trained to regress

at from (ot ; ht ) from a datasetD consisting of trajectories� n
i = ( oi

1; ai
1; :::; oi

T i
; ai

T i
) produced by

the expert, in whichi is the i-th trajectory in the dataset,Ti is its length andn is the n-th MDP.

Task and Motion Planning: TAMP algorithms address deterministic and observable, but hybrid,
control problems [27]. In order to apply them to the POMDP for data collection, we grant them
observability to the system states. In simulation, this can be done through providing them access to
the underlying simulator state. As a result, a TAMP policy� p(st ) need only be a function of the state
st , which is a suf�cient statistic for the historyhht ; ot i . To construct this policy, we approximate
the now observable POMDP with a deterministic model that can be effectively planned with [48].
Then, a TAMP algorithm uses this approximate model to plan a sequence of object interactions, the
constraints present in each interaction (e.g.grasps and placements), and �nally safe joint motions
that realize them. An automated policy is built around the TAMP algorithm by tracking plans with a
high-frequency feedback controller that outputs actionsa and periodically replanning [48].

Consider an example TAMP problem in which the goal is to place acup on a shelf (i.e.
the Shelf task). The TAMP model has the following parameterized actions:move(q1; �; q2)
moves the robot from con�gurationq1 to con�guration q2 via trajectory � , pick (o; g; p; q)
picks objecto at placement posep with grasp poseg when the robot is at con�gurationq,
and place (o; g; p; q; o2) places objecto at placement posep on objecto2 with grasp poseg
when the robot is at con�gurationq. An example TAMP planp for the Shelf task is:p =
[move(q0 ; � 1; q1); pick (cup; g;p0 ; q1); move(q1; � 2; q2); place (cup; g; p; q2; shelf)] The values in
bold, the initial con�gurationq0 and cup placementp0 , are constants. The other values are free
parameters. A TAMP algorithm searches to �nd both theplan skeleton, the sequence of parameterized
actions, as well as values for graspg, placementp, con�gurationsq1; q2, and trajectories� 1; � 2 that
satisfy grasp, stability, kinematic, and collision constraints.

3 Designing a TAMP Imitation System

In this section, we motivate and describe our TAMP imitation system, OPTIMUS. We distill a
privileged TAMP policy into a neural network in order to obtain policies that do not require access
to state information, are fast to execute, and react instantaneously. To design OPTIMUS, we apply
a TAMP supervisor to a procedural problem generator to produce demonstrations across a diverse
range of tasks. However, trajectories produced by TAMP are not necessarily straightforward for an
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agent to imitate, especially when the agent must learn without access to privileged state information.
Consequently, we carefully create a data curation pipeline and couple it with agent design decisions
that maximize its ability to learn from TAMP trajectories and solve challenging manipulation tasks.

We consider tasks with signi�cant variation across objects, poses, and con�gurations. We design four
environments: 1) block stacking, 2) single and multi-step pick and place, 3) shelf pick and place, and
4) articulated object manipulation with microwaves. To obtain object diversity, we load objects from
the ShapeNet dataset [49]. With a TAMP supervisor and diverse task distribution in place, we now
describe the data collection pipeline and how we use it for policy learning.

3.1 Cost-Minimizing TAMP

We use the PDDLStream planning framework [50] to model the TAMP domain and theadaptive
algorithm, a sampling-based algorithm, to plan. Our formulation makes use of samplers for grasp
generation, placement sampling, inverse kinematics, and motion planning. The samplers can produce
a large, if not in�nitely large, set of diverse values. We implement the grasp generator using the
ACRONYM grasp dataset [51] for ShapeNet objects. We use TRAC-IK [52] for inverse kinematics
(IK), and bidirectional Rapidly-Exploring Random Trees (BiRRT) [53] for motion planning.

When using TAMP solutions for imitation learning, it is essential to train on high-quality plan
traces. Behavior cloning techniques typically are adverse to multi-modal policy behavior, so a TAMP
demonstrator that takes several different actions at a particular state produces data is challenging to
imitate. One way to reduce TAMP policy variability is to optimize for low-cost plans. Although
a TAMP problem is not guaranteed to have a unique minimum cost solution, this strategy biases
solutions to a consistent family of low-cost plans.

We propose a two-stage approach to producing low-cost TAMP solutions. First, we use cost-sensitive
PDDLStream planning that minimizes the joint-space distance traveled. Speci�cally, we de�ne
costs formove(q1; �; q2) actions that limit1 -norm (max) of the distancejjq1 � q2jj1 between
con�gurationsq1, q2. The straight-line distance between two con�gurations is a lower bound on
the length of the shortest collision-free path between them. We optimize this lower bound before
performing motion planning which is computationally expensive due to continuous collision checking.
This PDDLStream algorithm is asymptotically optimal [54, 50], but it might take arbitrary long to
�nd a plan below a target cost bound. In practice, we run the planner in an anytime mode with
a computation budget of �ve seconds and return the best plan identi�ed. In the second stage, we
perform motion planning using BiRRT; however, it can produce motions that are jagged and locally
sub-optimal. To smooth these trajectories, we post-process them using cubic spline short cutting with
velocity and acceleration limits [55], which converges to a locally time-optimal trajectory.

Finally, we aim to limit the variability in IK solutions. This is also advantageous for task-space
control, which lacks the control authority to reach all IK solutions. We seed TRAC-IK's optimization-
based IK from a single con�guration seed, the initial con�guration, and optimize for the closest
solution to the initial con�guration within a 10 millisecond timeout. This also biases TAMP toward
plans that stay near the initial con�guration, typically accelerating the search for low-cost plans. By
intentionally not exploiting the redundancy to explore diverse IK solutions, we limit the completeness
of the TAMP algorithm for the bene�t of downstream learning.

3.2 Generating Imitation Data from TAMP

Directly training on datasets collected by TAMP is a challenge for imitation learning, as the TAMP
system operates with access to information unavailable to the learner, controls the robot in joint
space, which can be dif�cult to learn in, and generates demonstrations that may not necessarily take
the shortest path in task-space. To address these issues, we highlight design decisions regarding the
observations and actions we produce from the TAMP data-generation process as well as how we
select which demonstrations to train on.

Imitating a Privileged Expert: TAMP operates over a privileged view of the world. It has access to
information that is dif�cult to obtain from a perception system, such as environment geometry and
object state. To address these issues, OPTIMUS operates over image observations by using multiple
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camera views in each task (1-2 �xed cameras and 1 wrist-mounted camera). We �nd that multiple
views, in particular the wrist camera, help the agent to better perceive scene geometry [56] and align
its actions with the privileged expert. By training over multi-view RGB observations, we provide the
network with an observation space that is invariant to object symmetry, encodes 3D information, is
ef�cient to train over, and enables simplicity of the architecture.

Learning from TAMP Generated Actions: The TAMP system plans arm motions in con�guration
space, in which it can fully control each robot degree of freedom. However, training vision-based
policies in joint-space is dif�cult due to the challenge of learning the camera projection from pixels
to poses and then the redundant inverse kinematics mapping from pixels to joint angles [57, 58, 29].
Additionally, for robots with more than six degrees of freedom, joint space is higher dimensional
than task space. Thus, in OPTIMUS, we instead use task-space control. We generate task space
trajectories by performing forward kinematics on joint-space way-points given by the TAMP planner,
then execute an operational-space (task-space) controller [59] to achieve them. Appendix C conducts
an experiment comparing the trained policy success rate with joint-space actions versus task-space
actions. Fig. C.1 shows that task-space actions enable higher success rates.

Filtering Demonstrations: Since there is variance in run-time due to random sampling and the
TAMP system is not guaranteed to converge in plan cost within the �xed time limit, some plans and
thus behaviors may be sub-optimal. This data can often hamper policy learning by operating outside
of the space of nominal solution trajectories. Training on this data from the TAMP system increases
the likelihood of the agent leaving areas of high state space coverage, which produces policies that
exhibit heightened compounding error. To ease the burden on the policy, we curate the data using
several trajectory pruning rules. During data collection, we employ joint-space path smoothing.
However, straight-line paths through joint-space are non-linear in task space, resulting in longer
motions in the learner's action space. Therefore, we propose two data pruning rules (Fig. 2column
2) to �lter TAMP demonstrations. First, we remove outlier trajectories that have task-space length
greater than two standard deviations away from the mean trajectory length, which can be viewed
as randomly restarting TAMP episodes to reduce plan variance. Second, we impose a containment
constraint in the form of a bounding box in visible workspace and prune out trajectories in which the
end-effector pose exits the box. Appendix C and Fig. C.1 illustrate that the combination of these rules
does improve performance by comparing the trained policy success rate with and without �ltering.

3.3 Training Imitation Policies at Scale

Figure 3: OPTIMUS policy architecture. The
model takes as input multiple images and proprio-
ception information per time-step, with a context
of h. We encode the input using Resnet-18 for
images and a MLP for the low-dimensional obser-
vations. We concatenate the embeddings, project
them into the Transformer embedding dimension
and pass them to the Transformer, which predicts
an embedding that is decoded into an action.

We now describe the imitation pipeline in OPTIMUS.
Given large, diverse datasets from TAMP, we perform
of�ine behavior cloning to distill the TAMP expert
into a visuomotor policy.

OPTIMUS Architecture: Our policy must operate
over a history of multiple camera views and propri-
oception, output low-level task space actions, and
execute in real time. To that end, we design our pol-
icy � , visualized in Fig. 3, as a Transformer operating
over a history of observationsh, in which each token
corresponds to a single observation time-step. As a
result, the Transformer can ef�ciently attend to all
observations as the Transformer context length is set
to h. To produce a single input token for a time-step
t, we �rst embed each input, images from cameras
1; :::; N (I t

1 throughI t
N ) as well as proprioceptionpt ,

into �xed dimensional vector spaces. For propriocep-
tion, we pass in the end-effector pose (xyz position and quaternion orientation) and gripper joint
position (dual �nger positions), encoded by an MLP. For embedding images, we use the vision
backbone from Mandlekar et al.[29]: ResNet-18 [60] with a spatial softmax [61] output activation.
We then fuse the inputs for a single time-step to producezt , a vector matching the Transformer
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