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Given just a single observed human demonstration, Diffusion-PbD can synthesize robot manipulation programs that adapt to unseen objects,

unseen viewpoints, and unseen environments. This is done through the use of visual foundation models to both extract salient task structure in the form
of waypoints and to transfer that structure to new scenes by identifying reference point correspondences.

Abstract— Programming by Demonstration (PbD) is an in-
tuitive technique for programming robot manipulation skills
by demonstrating the desired behavior. However, most existing
approaches either require extensive demonstrations or fail to
generalize beyond their initial demonstration conditions. We
introduce Diffusion-PbD, a novel approach to PbD that enables
users to synthesize generalizable robot manipulation skills from
a single demonstration by utilizing the representations captured
by pre-trained visual foundation models. At demonstration
time, hand and object detection priors are used to extract
waypoints from the human demonstrations anchored to refer-
ence points in the scene. At execution time, features from pre-
trained diffusion models are leveraged to identify corresponding
reference points in new observations. We validate this approach
through a series of real-world robot experiments, showing that
Diffusion-PbD is applicable to a wide range of manipulation
tasks and has strong ability to generalize to unseen objects,
camera viewpoints, and scenes. Code and supplementary videos
can be found at https://diffusion-pbd.github.io

I. INTRODUCTION

General-purpose robots have the promise to automate
tasks in many human-centric environments such as homes
and workplaces. However, programming robots to robustly
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perform behaviors with every possible object in every pos-
sible environment is extremely challenging. Programming
by Demonstration (PbD) is a popular approach that enables
end-users to program new robot capabilities by simply
demonstrating the desired behavior [1]. For robots deployed
in human-centric environments, demonstration provides an
intuitive way for end-users to teach robots new skills without
having technical training or expertise in robotics. But this
approach typically requires a large-scale and diverse set
of demonstrations in order for the programmed capabilities
to generalize to new environments and objects, which is
not feasible for an end-user to provide. Ideally, an end-
user could program robot capabilities by providing just
a single demonstration of the desired behavior and those
capabilities would generalize to new scenarios. For example,
after demonstrating how to put a mug into a coffee machine,
the robot should be able to repeat this task with other mugs
even if they are visually distinct. Additionally, if the coffee
machine and mugs are re-arranged or moved to an entirely
different location the robot should still be able to perform
the demonstrated task.

Humans possess a remarkable ability to learn tasks from
a single demonstration and to apply the learned behaviors to
new situations [2]—-[5]. This is achieved in part by drawing on
prior conceptual knowledge to infer the underlying structure
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of the task being demonstrated rather than directly mimicking
the demonstrator’s low-level actions [4]. For example, to
learn new manipulation skills we primarily pay attention to
interactions between the end-effector and objects rather than
the relative motions within and between joints. By extracting
the high level structure of the task rather than the low level
actions, we are able to more easily transfer the task to
new scenarios by identifying corresponding structure in new
scenes.

Inspired by these insights, we propose a novel approach to
PbD that enables programming generalizable robot manipu-
lation skills from a single observed demonstration, illustrated
in Figure [T} Our approach draws on the prior conceptual
knowledge encoded by pre-trained web-scale foundation
models to both extract the salient structure from an observed
demonstration and to identify the corresponding structure
in new scenes. In particular, we utilize features from pre-
trained diffusion models. While diffusion models are pri-
marily models for image synthesis, they have been shown to
implicitly encode rich information about the structure of the
scene, objects, and object parts within an image. We show
that within the context of a PbD framework, such capabil-
ity provides an elegant mechanism to generalize observed
demonstrations to new scenarios. We study the performance
of our method across 14 tasks on a real robotic manipulator
and find that our approach is surprisingly effective at a wide
range of manipulation skills, while utilizing only off-the-
shelf models with no additional fine-tuning required. We
thoroughly analyze the generalization capabilities of our
approach and study the contribution of diffusion features as
compared to popular alternatives.

II. RELATED WORK
A. Programming by Demonstration

Programming by Demonstration, also referred to as Learn-
ing from Demonstration or Imitation Learning, has been
the subject of four decades of robotics research [1], [6].
Approaches are often categorized based on the method of
providing demonstrations and in contrast to methods that
require moving the robot (e.g. through teleoperation [7]-[9],
kinesthetic teaching [10]-[12], or spoken commands [13]-
[15]), in this work we focus on programming by passive
observation, where the robot is programmed by observing
a human perform the desired behavior [16]-[20]. This is
particularly easy and intuitive for the user, requiring almost
no training to perform. However, learning generalizable
skills from passive observation is especially challenging
and approaches typically either heavily restrict the domain
or require a large and diverse set of demonstrations in
order to scale to scenarios outside of the demonstrated
examples. Some works take a user-guided approach to the
generalization problem, where the user provides additional
information to adapt the learned skills to new scenes [21]—
[24]. Another approach is to extract a reward function from
the provided demonstration which can then be used to fine-
tune the skill in novel scenes [18], [20], [25], but this requires
additional training time to fine-tune the robot policy in new

scenes. In this work, we propose to leverage large-scale
visual foundation models off-the-shelf, with no additional
fine-tuning, to extract robot manipulation skills from a single
observed human demonstration and to apply those skills to
new objects, viewpoints, and scenes.

B. Diffusion Models for Robotics

Diffusion models [26] have made great breakthroughs in
generative tasks such as image and video synthesis [27]—
[31]. Within robotics, diffusion models have been trained to
generate actions for manipulation [32]-[34], navigation [35],
[36], and human-robot collaboration [37], [38]. Addition-
ally, pre-trained image diffusion models have been utilized
to generate images used for robot training [39]-[42] and
planning [43], [44]. While diffusion models are primarily
used for generative tasks, recent works show evidence that
they implicitly encode rich information about the structure of
objects and scenes in images [45]-[47]. Based on this insight,
we propose to leverage features extracted from pre-trained
generative image diffusion models within a PbD framework
in order to find correspondences between structures observed
in demonstration scenes and those observed in novel scenes.

III. DIFFUSION PBD

We present Diffusion-PbD, a robot PbD framework for
synthesizing generalizable robot manipulation programs us-
ing only a single passively observed human demonstration.
Our approach utilizes pre-trained visual foundation models
to both extract salient structure from the observed demon-
stration and to find corresponding structure in novel scenes.
Specifically, we use pre-trained models with strong hand-
object priors to extract waypoints relative to observation-
centric reference points, then we utilize pre-trained diffusion
features to find corresponding reference points in novel
settings. In the following sub-sections we first formalize the
problem setting, then we provide a high-level overview of the
approach, and finally we describe each phase of the approach.

A. Problem Formulation

In this work, we consider PbD for robotic manipulation
tasks. Let A be the set of robot actions, and S the set of
world states. We assume access to a human demonstration

is an RGB-D image at time t. Given a demonstration D and
an initial state S 2 S, the goal is to generate an execution

= <a0; ai;...;ar >, where a¢ 2 A is an action taken by
the robot at time t. The initial state S is defined by the envi-
ronment layout, the poses and states of all objects, and the
pose and state of the robot. The robot does not directly have
access to the initial state S, but only to an initial observation
0. The initial observation 0 = (I; K; D) includes an RGB-D
camera image |, the robot’s proprioceptive state K, and the
demonstration D. The task is considered successful if the
goal-conditions corresponding to the demonstration D are
true at the end of execution.
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Diffusion-PbD composes a mixture of pre-trained web-scale foundation models to both extract salient structure from demonstration videos and

to transfer that structure to new scenes. Diffusion-PbD is composed of three main phases: (1) human and object detection, (2) waypoint extraction, (3)
skill execution. In the first phase, we pre-process the demonstration frames by detecting human hands and their interactions with objects in the scene.
Next, we map these detections to waypoints and robot gripper configurations. We anchor the waypoints relative to observation-centric reference points.
This representation allow us to map the skill to new scenes by finding corresponding reference points in the new observations.

B. Overview

Our PbD method composes a mixture of pre-trained web-
scale foundation models to both extract salient structure from
demonstration videos and to transfer that structure to new
scenes. Our method has three main phases (see Figure 3)): (1)
demo perception, (2) skill representation, (3) skill execution.
In the first phase, we pre-process the demonstration frames
by detecting human hands and their interactions with objects
in the scene. Next, we map those detections to waypoints and
robot gripper configurations. We represent waypoints relative
to reference points in the observation, which allows us to map
the skill to new scenes by finding corresponding reference
points in the new observations.

C. Demo Perception

For robot manipulation tasks, timesteps when the end-
effector interacts with objects in the environment are partic-
ularly important. We process the demonstration D to extract
information about the hands in the scene and the objects that
they contact using 100DOH [48], a hand-object interaction
model that has been pre-trained on 100K images extracted
from a large-scale (131+ days) video dataset of humans
interacting with objects. We use 100DOH to extract, for
each demonstration frame d¢, a hand bounding box b{‘ and
a boolean contact variable C; indicating whether the hand
is in contact with an object or not. For every frame where
the hand is in contact with an object we additionally extract
an object bounding box bY. While bounding boxes give us
the rough position of hands and objects in the scene, we
look to obtain fine grained masks using Segment Anything
Model (SAM) [49]. For each hand bounding box b{‘ and
object bounding box bY we prompt SAM to produce a hand
mask m{‘ and object mask mg. 3D perception of the scene is
crucial for manipulation tasks, so we additionally produce a
point cloud C; for each demonstration frame d¢ using the
RGB-D image and camera intrinsics. To properly imitate
the grasp and interaction on a robot, the pose of the hand
is important as well. We employ Mediapipe [50] for this
purpose, and detect the human hand pose p; represented

Fig. 4.
frames for an example where a cup is lifted by the handle and moved onto
a plate. Key frames are extracted when (a) contact is made between the
hand and the target object, (b) contact is broken between the target object
and the environment (c) contact is made between the target object and the
environment or (d) contact is broken between the hand and the target object.

An illustration of the conditions used to identify key contact

as 21 landmarks following the topology in [51]. The two
landmarks on the thumb and another two on the index finger
are used to represent a parallel jaw gripper. We define r¢
as the rotation of this gripper model and g as the distance
between fingers.

D. Skill Representation

Inferring the hand-object interactions from the demonstra-
tion is useful, but ultimately we want to extract waypoints
that can be executed by the robot. To accomplish this, we
first identify and extract contiguous contact sequences, or
clusters of timestamps where C¢ is true. Because hand-object
interaction detection can be noisy, we filter any sequences
that span less than three timestamps, leaving only those
that indicate sustained contact. We extract this set of con-
tact sequences =h o 1;:::;
sequence is initially represented as a start timestamp and
end timestamp = (tstart; teng). We additionally compute
a pre-contact timestamp tpre by backing up from the start of
contact tsiart until the hand mask m{‘ no longer overlaps
with the object mask mP to obtain timestamp tpre. For
each contact sequence in , we extract a set of waypoints
where each waypoint wij = (Pj; gi;tj) is made up of a 6-
DOF pose Pj, gripper width g;, and timestamp t;. We first
define a waypoint at the start of interaction, Wstart using



the hand pose landmarks at the start of contact p¢,,,,. The
two pose landmarks on the thumb and another two on the
index finger are used to represent a parallel jaw gripper.
These points are lifted into 3D using the depth map and
averaged to obtain our contact point, which is combined with
the gripper rotation ry_,, to obtain our contact pose Pstart
and waypoint Wstart = (Pstart; Oterare). We additionally
compute a pre-contact waypoint Wpre, the points from the
thumb and index finger landmarks at tpre are again lifted
into 3D, averaged, and combined with Iy, to produce pose
Ppre and waypoint Wpre = (Ppre; Ot,,.)- As illustrated in
Figure [ we identify additional waypoints centered around
timesteps where contact is made or broken between the target
object and the environment. Finally, we define a waypoint at
the end of interaction Weng by repeating this process with
the pose landmarks at the end of contact pg,,,,. At the end
of this process each contact sequence is represented as a
set of waypoints = hwp;Wq;:::;wp .

The set of contact sequences contains waypoints to
reproduce skills in the current scene, but we desire to
reproduce skills in novel scenes, including those with novel
viewpoints, object configurations, and objects. In this work,
we aim to leverage the features from pre-trained image
diffusion models for the purpose of re-identifying key way-
points in new scenes. To that end, we extract waypoints
relative to observation-centric reference points. To obtain
reference points, we look for key frames where contact is
made between the hand and the target object or between the
target object and the environment. To obtain a reference point
for a key frame where contact is made between the hand and
target object we extract a 3D point from the pose at the start
of contact Pstart. We project the 3D point onto the image at
timestep tpre to obtain a 2D reference point in image space.
To obtain a reference point for a key frame where contact
is made between the target object and the environment we
average the points in contact to obtain a 3D point and project
the resulting point on the the image at timestep tpre to obtain
a 2D reference point. After identifying reference points, we
recompute the pose in all waypoints using relative translation
from the nearest preceding reference point.

E. Skill Execution

To apply skills to new scenes we first map our reference
points to the novel observations using the popular Stable
Diffusion (SD) [52] image foundation model. SD has been
pre-trained on billions of images and the intermediate-layer
features of the model have been shown to implicitly encode
rich information about the structure of objects and scenes
in an image. In this work, we propose to utilize these
features within a PbD framework for robust reference point
generalization to unseen viewpoints, objects, and scenes as
illustrated in Figure [5] For each contact sequence in , we
use SD to extract the diffusion features of our reference
demonstration frame dy,,, and the first observation image
in the new scene |. The features are generated by adding
noise to the images, feeding the images through the network
of SD, and extracting the intermediate layer activations. For

more details we refer the reader to [45]. Through this process
we obtain two diffusion feature maps Fref and Fiarget. For
every waypoint W; in , we compare the cosine similarity
of the two features maps and identify the point in Fiarget
that is most similar to the reference point in Fyef. This
point is then lifted into 3D using the depth map from | to
produce a 3D point in the new scene P; and new waypoint
Wi = (P} gi). Ultimately we obtain a set of waypoints for
the new scene » = (Wo;Wy;:::; WL ). We convert each
contact sequence to a manipulation program for execution
on the robot wherein the end-effector motion and gripper
state are commanded according to the waypoints in *. To
generate the motion between waypoints, we use a collision-
free motion planner to generate a trajectory of robot actions
for reaching the next desired waypoint goal. Specifically, we
use the GPU accelerated motion generation library cuRobo
[53]. After successfully reaching every waypoint goal, this
process is repeated for every contact sequence in

IV. EXPERIMENTS

To evaluate our approach, we conduct a series of real world
experiments across 5 indoor environments as illustrated in
Figure[6] In our experiments we seek to answer the following
research questions: 1) Is Diffusion-PbD practical for a wide
range of robot manipulation tasks? 2) How effective is
Diffusion-PbD at applying demonstrated manipulation tasks
to new viewpoints, objects, and scenes? 3) To what extent
do diffusion features contribute to the effectiveness?

A. Hardware and Environments

We use the Stretch RE2 robot [54] for our experiments.
The robot’s mobile base, arm lift, and telescoping arm are
moved in conjunction to reach 6-DOF target waypoints. The
robot’s end effector is a parallel-jaw gripper with rubber
fingertips. An Intel RealSense D435i RGB-D camera is
mounted to the frame which is used both to record demon-
strations and to provide observations during execution. One
of the authors initialized scenes and categorized tasks as
success or failed based on the criteria in Section IV-B.

B. Evaluation Tasks

We evaluate our approach using 14 different real world
manipulation tasks. We design our evaluation tasks to cover a
wide range of contact-rich manipulation behaviors involving
prehensile and non-prehensile motions. The tasks range from
rearranging objects, to multi-step extraction from cluttered
scenes, to tool use, to manipulation of deformable and
articulated objects. Below, we describe each of the tasks and
how success is defined for each task.

1) Pick-and-place: In this task, the robot picks up a bottle
by its top and places it into a bowl. The task is successful
if the robot grasps from the top of the bottle and the bottle
is contained inside of the bowl at the end of execution.

2) Bookshelf extraction: In this task, the robot is required
to do both non-prehensile and prehensile motions to success-
fully extract a slender object from a bookshelf. The target
object is densely packed into the shelf, so the robot must first
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