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Robotic learning has seen rapid growth over the past decade, driven by advances in
machine learning that have brought real-world deployment of robots closer to reality.
Research in this area primarily falls into two categories: reinforcement learning and
imitation learning. Despite their promise, both approaches face significant challenges,
including limited data availability and the difficulty of obtaining accurate state
representations. This thesis explores how we can advance these methods to enable
robust performance in real-world, unstructured environments.

We begin by exploring how to redefine state representation, presenting two com-
plementary approaches. The first focuses on human state representation but is easily
extendable to robots. It significantly outperforms existing methods in generalizing
to unseen states and varying camera viewpoints. The second approach introduces
a more concise, keypoint-based representation. We show that this method enables
training of robot policies with minimal demonstrations and generalizes effectively to
new environments and objects of varying shapes and sizes.

Next, we turn to the problem of learning policies from a single demonstration,

without relying on handcrafted reward functions. Remarkably, our method achieves



comparable final performance to existing approaches while using 100x less data.
Finally, we demonstrate how these methods can be deployed in dynamic environments,
even when trained under static conditions. By layering a lightweight planner on top
of a pretrained policy, we achieve substantial improvements over naive replanning

strategies, approaching oracle-level success rates.
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Chapter 1

Introduction

Over the last decade, research in the fields of computer vision and machine learning
has advanced rapidly. This progression has improved the viability of robotic learning,
a field that had been largely ignored in favor of a physics-based solution. Despite
the reinvigoration of the field, there are still many challenges that are unique to
robotic learning. The largest issue in the community is the amount of data available
compared to the amount of data required to train generalized algorithms. There are
several reasons that collecting data has been a problem in robotics. Although cost is
a clear issue, there are several other problems that are less visible. One of these is
that operating a robot can be difficult and that means collecting data requires skilled
labor. Additionally, even if a person has this training, collecting data for robots is
time intensive.

Researchers in robotic learning have largely adopted one of two general approaches
to solve these problems. The first approach is reinforcement learning(RL). RL uses
a reward function to train robots without requiring a human operator. The robot
explores the environment while trying to maximize said reward. RL is beneficial
because the robot can find a general approach by exploring the whole range of states.

In its pure form, RL does not require demonstrations from a human expert. However,
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Figure 1.1: A generalized framework for learning robot policies from human videos. On the
left we show how human pose [7], robot pose as well as robot key points can be mapped to a
state embedding space. We can then retrieve this embedding from an expert demonstration
and use that to train a robot policy which can be deployed in the real world via a dynamic
planning add on.

Dynamic
Planner

RL faces many other issues, such as an inability to effectively explore the entire
environment and find success. Additionally, RL still requires a lot of training time on
a real robot, and often this training needs to be overseen by a human. Solutions such
as training in simulation have been proposed to overcome this challenge, but create a
whole new set of problems trying to navigate sim-to-real.

The second approach is imitation learning. Imitation learning can work much
quicker than RL, but is known to overfit to the expert demonstrations. Imitation
learning approaches are where limited data is most impactful. As a result researchers
have focused on how to work around this limitation. For example, one could use data
from a different domain, such as a video of a human to do initial training.

In the end, it is likely that researchers will find success by using some combination
of these techniques. However, for now it is important to think of what needs to be
accomplished in each field so that the pieces are ready to put together.

One important aspect to making both of these methods work is correctly and
concisely defining the state of the environment. A common technique in modern

approaches is to use an image, or several images, to represent the state. However,



current computer vision techniques to find image features are not applicable to robotics.
For example, these features are often invariant to rotation, but the rotation of an
object is key to a successful robot maneuver. Even when roboticists have learned
their own image features they have struggled to make them generalize outside of the
lab environments where the training images were collected. This signals that more
work needs to be done to process the images before they can be used as part of the
state. On the other hand, preprocessing an image presents its own issues because
information will be lost during the processing stage that could be key to the success
of the episode.

In Variational View-Invariant Pose Embeddings (V-VIPE) [70], we take a first
step toward view-invariant state representation by learning a shared latent space
where poses from different cameras are embedded such that proximity in world space
corresponds to proximity in latent space. This is important because cameras used at
test time are not guaranteed to have the same camera extrinsics as those used during
training. This work is done on human poses, but can be easily applied to robot poses
as well.

V-VIPE could also be extended to embed both human and robot poses into a shared
latent space. From here one could easily pretrain a policy from human demonstrations
using the embedding as the state representation. The policy can then be fine-tuned
and deployed on a robot with substantially less expert data than would otherwise be
required.

V-VIPE employs a generative model to learn pose embeddings, enabling it to
generalize more effectively to unseen poses compared to traditional methods. This
is especially valuable given the limited size of many human pose datasets, which
often leads to overfitting. V-VIPE demonstrates strong interpolation capabilities,
easily generating plausible intermediate poses between two given inputs. It also

shows signs of extrapolation: adding noise to an embedding and decoding it yields



poses that still adhere to the physical constraints of the human body. As generative
techniques continue to improve, future work should explore how to further build on
these capabilities.

Beyond representing human state, it’s also important to consider how to represent
the state of the robot’s environment. In Prescriptive Point Priors for Visuo-Spatial
Generalization of Robot Policies (P3-PO) [71], we explore effective approaches to this
challenge.

As mentioned earlier, training robot policies directly from images often leads to
poor generalization. One proposed solution is to use point clouds instead. However,
real-world point clouds are often noisy—especially when captured with moving cam-
eras—and processing them is computationally intensive. Moreover, these methods still
struggle to generalize across variations in object shape and size. In P3-PO we propose
a keypoint based solution that shows generalization to changes in environment as well
as changes in the physical appearance of the object.

P3-PO leverages state-of-the-art techniques in semantic correspondence and point
tracking to identify a set of pre-labeled keypoints, which are then tracked throughout an
episode. These keypoints serve as a compact state representation for the policy. Thanks
to this compactness, the policy can achieve high success rates with only a small number
of demonstrations. Furthermore, since P3-PO does not rely on visual appearance, it
generalizes well across different backgrounds and lighting conditions. Building on this
idea, recent work [12] demonstrates that such point-based representations can be used
to train policies directly from human video demonstrations, bypassing the need for
robot-collected data entirely.

Even with progress in training robots from human videos, data scarcity remains
a fundamental challenge. Lessons from other areas of computer science suggest that
the volume of data needed for robust generalization is often beyond reach in robotics.

This underscores the need for methods that can learn effectively from limited data.



To address this, we introduce Waypoint Exploration from a Single Demonstration
(WayEx) [68], which constructs a reward function from a single demonstration without
action labels. WayEx not only improves exploration in reinforcement learning but
also generalizes across diverse tasks.

A major limitation of current reinforcement learning (RL) methods is their reliance
on carefully crafted, task-specific reward functions. These functions are often brittle
and difficult to design, diminishing the practical advantages of RL. Alternatively,
sparse rewards—triggered only upon task success—can be used, but they make it hard
for agents to discover successful behaviors through random exploration. Waypoint
Exploration from a Single Demonstration (WayEx) addresses this by using a single,
unlabeled demonstration to generate a task-agnostic reward function, enabling ap-
plication across diverse tasks. While related to inverse reinforcement learning (IRL),
which also aims to infer rewards from successful behavior, WayEx is not learning-based
and therefore avoids the need for large amounts of expert data. It not only outper-
forms existing general-purpose RL approaches, but also matches the performance of
task-specific methods that require 100 times more expert demonstrations.

Currently, WayEx is constrained by the need for a distance function between
states. However, with an appropriate state representation, defining such a function
becomes significantly easier. This highlights the importance of methods like V-VIPE
and P3-PO. In the Future Work section, we explore how to find the distance between
these representations.

Once we develop solutions for simple, static tasks in controlled environments, the
next step is adapting these approaches to real-world settings. A critical challenge
is moving beyond the assumption that the environment remains static during robot
execution. In No-frills Dynamic Planning using Static Planners [(67], we show how
static policies can be effectively applied to dynamic scenarios without the need for

additional training.



This is achieved by predicting the future state of the environment and modifying
the policy’s input to reflect that anticipated state. To do this, we use an Estimated
Time of Arrival (ETA) network to predict how long it will take the robot to reach its
goal, alongside a trajectory prediction network that forecasts how objects in the scene
will move during that time. This predictive approach enables the robot to perform
tasks like trapping a moving ball—something that static replanning alone, without

anticipating future dynamics, cannot accomplish.



Chapter 2

Human State Representation

This chapter introduces Variational View-Invariant Pose Embeddings (V-VIPE), a
method for learning a latent space that consistently represents human pose across
different viewpoints. The core idea is to use a Variational Autoencoder (VAE) to
define a smooth latent space with desirable structural properties, and then learn
a mapping from observed poses into this space. This approach ensures that poses
which are close in 3D space are also close in the latent representation, enabling robust
generalization across views. V-VIPE lays important groundwork for human-to-robot
learning by aligning pose representations across camera perspectives. Future work will
explore extending this alignment across different domains, such as human and robot

embodiments.

2.1 Introduction

Learning to represent three dimensional (3D) human pose given a two dimensional
(2D) image of a person, is a challenging problem with several important downstream
applications such as teaching a person to mimic a video, action recognition and
imitation learning for robotics. The key challenge arises from the fact that different

camera viewpoints observing the same 3D pose lead to very different projections in a



3D Pose Retreival

-

3D Pose Generation

2D to 3D Pose Estimation

Figure 2.1: The several functions V-VIPE is capable of. The purple path represents 3D
pose retrieval. The blue path represents generation by adding noise to the purple path. The
result is a variation of the original pose. The green path shows 2D to 3D pose estimation
from several viewpoints.

2D image. The common practice is to circumvent this challenge by estimating 3D pose
in the camera coordinate space [18, 81, 159]. However, this leads to differences in scale
and rotation between the estimated 3D representations from images of the same 3D
pose from different camera viewpoints. Without the knowledge of camera parameters,
it is not possible to establish correspondence between these 3D representations. This
is important as we move towards environments where we have very little control over
the camera viewpoint, such as photos taken with a phone or AR glasses. In such
scenarios, we can make very few assumptions about the camera space.

In this paper, we address this challenge by separating the problem of estimating
3D pose from 2D images into two steps. First, we learn an embedding to represent 3D
poses in canonical coordinate space. Next, we learn to encode 2D poses, from different

camera viewpoints, to the embedding from the first step. This leads to a canonical



3D pose embedding that is invariant to camera viewpoints. This view-invariant pose
embedding is highly flexible, allowing us to do 3D pose retrieval, 3D pose generation,
and most importantly, estimating consistent 3D pose from different 2D viewpoints 2.1.

In our approach we use a variational autoencoder (VAE) to learn an embedding
for 3D human poses. This VAE is trained to reconstruct 3D poses and has two key
benefits: (a) we can leverage loss functions to ensure similar 3D poses are close in the
embedding space, and (b) we learn embeddings that can generalize better to unseen
3D poses due to the variational training paradigm. Next, we learn a mapping from 2D
poses (either ground-truth or estimated using off-the-shelf detectors) to this 3D pose
embedding space by training a 2D pose encoder that estimates the 3D pose embedding.
This embedding is used as input to the pre-trained decoder from the VAE to estimate
the corresponding 3D pose, thus leading to “lifting” the 2D pose from different camera
viewpoints to 3D [57, 98]. We refer to embedding as variatonal view-invariant pose
embedding (V-VIPE).

Our proposed V-VIPE is highly flexible and generalizable. We can encode 3D
poses and use the embedding for downstream tasks, like retrieval and classification.
We can also map 2D poses from unseen camera viewpoints to this embedding. We can
estimate 3D poses from these embeddings using the decoder. Finally, we can generate
unseen 3D poses. To the best of our knowledge, V-VIPE is the only representation
to offer this diversity of applications.

We perform an extensive experimental evaluation over two datasets: Human
3.6M [51] and MPI-3DHP [82]. We show quantitative results on 2D to 3D pose
retrieval and qualitative results on 3D pose generation and 2D to 3D pose estimation.
We show that V-VIPE performs 1% better than other embedding methods on seen
camera, viewpoints and about 2.5% better for unseen camera viewpoints. In addition,
we show generalization of our approach by training on one dataset and testing on the

other.
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Figure 2.2: On the left we can see the 3D pose in the original global coordinates with 4
different cameras. The next 4 images are the 3D poses as seen from these 4 cameras.

To summarize, our main contributions are as follows:

o We learn a variational view-invariant pose embedding (V-VIPE) by training a
VAE to represent 3D poses in canonical coordinate space, which allows it to be

camera invariant.

o We propose a model to map from 2D poses to V-VIPE, which enables us to
estimate 3D poses of 2D images. Additionally, because V-VIPE is camera

invariant, our mapping can generalize to unseen cameras.

o We also estimate and generate 3D poses using V-VIPE via a decoder that can

be used for downstream tasks.

In the rest of the paper we expand upon these ideas. We summarize the related
works in Section 2.2. In Section 2.3, we describe our proposed method, and Section 2.4
provides the experimental evaluations. Section 2.5 looks at ablations of our method.

Finally, Section 2.6 derives the conclusions.

2.2 Related Work

Human Pose Estimation. There are two family of approaches for human pose
estimation. One is to directly estimate 3D poses from an 2D images [100, |, and
the other is to lift pre-detected 2D poses to 3D poses [31, , 153]. In recent years,

state-of-the-art approaches have almost exclusively focused on the lifting strategy:.
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Our goal is to specifically find correspondence between 2D poses in images from
different camera viewpoints without any knowledge of camera parameters or temporal
context. Recent works have explored how temporal information can improve 3D
pose estimation [19, ], typically by processing a sequence of images using a
transformer [157]. However, our focus is 3D pose estimation using a single 2D image
which is similar to [142].

The key distinction between our approach and prior works in estimating 3D poses
using 2D images is view-invariant embedding that can be estimated from a monocular
viewpoint. Several works have attempted to address view invariant estimation by
leveraging many viewpoints [79, , ] because it is much easier to place a person
in canonical coordinate space when you have access to many views. However, access
to multiple viewpoints of the same scene is an unrealistic assumption in the canonical
settings. Therefore, these approaches can only be used in environments that have
multiple cameras observing the same scene. In contrast, our approach can be applied
to any arbitrary 2D image. Some works only use a single viewpoint during inference
time, but still require multiple views for each pose during training [63]. Whereas
our method is more flexible and can be trained on any dataset with both 2D and
3D information, even if there is only one camera viewpoint available. Similar to our
work, [142] performs view-invariant pose estimation from one view, but their method
requires localized transformations that fundamentally change the 3D pose and must
be reversed at the end to get the final pose. Our approach, on the other hand, requires
only one global rotation to a canonical camera viewpoint that does not change the
integrity of the pose.
3D Pose Generation. Training a model capable of generating new 3D poses is
important for representing unseen data in addition to training data. There are two
main types of generators that can be used, Generational Adversarial Networks (GANs)

and Variational Auto Encoders (VAEs).
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Several works have used GANs [112, , ] to generate training data for 3D
poses. However, they are not well suited for our task which also requires encoding 3D
poses in an embedding space. VAEs, on the other hand, are better suited for learning
embedding by auto-encoding 3D poses. [)7] learns a latent network, where they go
directly from 2D to 3D without using the 3D data as input to the model, whereas [122]
learns a latent representation using a variant of VAE and generate 3D poses using 2D
pose as a precondition to their decoder. [57] employs a basic autoencoder instead
of a VAE, which leads to an inconsistent embedding space that is harder to map to
2D inputs. [38] also learns an autoencoder instead of a VAE, but additionally, they
choose to regress on the embedding and perform little normalization prior to training

which leads to a poorly regularized output space.

2.3 Proposed Method

Our method consists of three main parts. In 2.3.1 we review the input data pre-
processing to ensure that the output is independent of camera view. In section 2.3.2,
we describe how we define V-VIPE through a VAE model. In section 2.3.3 we cover
how we learn V-VIPE from the detected keypoints. The final model is a network that
takes as input a single frame monocular image and estimates a view invariant pose,
which can be used to compare any two human poses independent of the context of

the original image.

2.3.1 Data Processing

Before we pass any data through our model we perform two key steps. First, we
modify the global rotation of the image; second, we scale the keypoints so that the
original size does not affect the model.

Global Rotation Realignment. Predicting 3D pose in canonical space is extraor-

12



dinarily difficult as mentioned in [$1]. We believe this is mostly due to the global
rotation' of any 3D pose. Global rotation is hard to estimate due to its ambiguity. We
can see in Figure 2.2 that a pose in global space can have a very different appearance
in camera space. Without any information, such as a ground truth pose, which we
can align the output to or any camera parameters, it would be difficult to determine
that any two of these poses are the same.

We argue that global rotation is irrelevant for human pose comparison. Specifically,
when we are trying to determine if two poses are the same we do not need to understand
how those are oriented in relation to the world they are in. If one pose is facing the
x-axis and the other is facing the y-axis, it is still possible that their overall pose is
the same. We thus remove rotation dependence by aligning the coordinates of the left
hip, right hip and the spine to the same points in every pose of the dataset. This can
be visualized in Figure 2.3. In order to achieve such alignment we find the rotation
that minimizes the equation:

5(C) = 5 3 llas = O (2.1)

DN | —

where aq,as, az equal the 3D points representing the left hip, right hip and spine
respectively and by, by, bs equal [[0, —1,0], [0, 1, 0], [0, 0, 1]]. Aligning to these points
causes the hips to align to the y axis and the spine to the z axis. We specifically
align the hips because they are in a straight line so it is easy to align to one axis and
the spine because it is directly above the root and therefore can be easily aligned
to a perpendicular axis. In order to minimize Equation 2.1, we use the Kabsch
algorithm [55].

Scaling and Pose Normalization. In this work, we are only concerned with
estimating pose such that it is easy to compare how similar two poses are. This

is because pose comparison is what is needed for downstream tasks such as action

!By global rotation we mean how a human is rotated in relation to the canonical space.
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recognition. To account for this, we scale and normalize the input, such that it becomes
independent from factors® that should not affect the pose similarity estimation.
We use the universal skeleton provided by the dataset to remove the size factor.
In this representation all joints are scaled to the same proportions. This makes the
size of the 3D output independent of the inputted 2D image or the original 3D pose.
Moreover, to complete the normalization of the data we use a process similar to

[16] where we center the root joint and scale all of the other joints, accordingly.

2.3.2 3D Pose VAE

The proposed model consists of two parts, a 3D Pose VAE Network and a 2D Mapping
Network. The 3D Pose VAE Network, Figure 2.4.a, consists of an encoder network
and a decoder network, which make up the VAE model. To stay consistent with other
papers we choose [31] as the backbone for both our encoder and our decoder.

The benefit of using a VAE for the 3D Pose VAE Network is its ability to generalize
to new poses. This is because the goal of a VAE is to synthesize unseen poses. Although
this is not our main goal, we do want our network to potentially be able to represent
unseen poses, which is a realistic setting in real world applications.

Normalizing the rotation, as defined in the step above, helps the VAE by reducing
the range of values that the output can be. We want the VAE to learn all possible
human poses within the range and by making that range smaller we make it easier to
learn an embedding that spans the whole space. If we omit the rotation realignment
then our embedding space would have to learn not only joint location in relation to all
other joints, but also joint location in relation to the global space. This is in general
unnecessary as location in global space is not relevant when comparing if two poses
are equal. Additionally, learning a normalized rotation means that the output is all in

one space and can be compared easily without additional alignments.

2Intuitively, two people are capable of being in the same pose no matter their height or weight.
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Figure 2.3: How poses change when we align the points and modify the rotation. On the
left is the original pose and on the right is the pose after we have rotated it.

The 3D Pose VAE Network has two parts: (i) an encoder, which takes as input
a 3D pose, Ssp = {s; € R*|i = 1... N}, where N is the number of keypoints, and
outputs a mean for possible embeddings, u. € R™, and a variance for the embedding,
o. € R". Using these values and a Gaussian distribution prior we take a sample, e.
We denote the distribution of the latent space modeled by the encoder with ¢(e|Ssp);
(ii) a decoder, which takes in input an embedding, e, and outputs an estimation of 3D
pose Ssp = {3; € R3i = 1...N}. The distribution of the decoder is represented as
p(Ssple).

The goal of the 3D Pose VAE Network is to find a V-VIPE space that is represen-
tative of the entire range of 3D human poses for a specific scale and normalization. A

feature of the 3D Pose VAE Network should be that poses that are close together in
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Figure 2.4: The network on top is our "3D Pose VAE Network." First we pass the 3D input
through our data processing phase. Once we have the output we can pass that as input to
our VAE network, which generates V-VIPE and then attempts to reconstruct the pose. On
the bottom is our "2D Mapping Network." 2D keypoints are extracted using a detector. We
then pass these through our 2D encoder and then a locked clone of the decoder network
from the 3D Pose VAE Network. This reconstructs the original 3D pose.

the original 3D space are close together in the embedding space. An important part
of learning an accurate mapping from 2D space is that even if there is a slight error in
the V-VIPE estimation the output will still be a pose that is similar to the original
3D pose. Additionally, defining a smooth space for V-VIPE enables us to interpret if
two poses are close together in 3D space by observing if they are close together in the
embedding space.

We define a distance function, D, which represents the Mean Per Joint Position
Error (MPJPE). MPJPE measures the distance between two 3D points by taking
the L2 distance between each joint location and then computing the mean of those

distances for all joints.

During training we thus optimize for three factors:

A reconstruction loss, which is equivalent to the Mean Squared Error (MSE)

loss between S3p and S3p. Lise = % > (Ssp — S;,D)2

o The KL Divergence loss Lk, = KL[q(z|S3p)|p(z)]. This loss represents the
distance between the distribution of the encoder and the prior distribution, p(z).

In this work we use a Gaussian distribution as the prior.
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e The third is a triplet loss. To compute the triplet loss we first find the 3D
distances, D; ; within a batch between all elements. For each pose we then set
the closest pose in the batch to be the positive example (j) and the second closest
pose to be the negative example(k). We make sure the positive and negative
poses are at least .1 apart from each other and if they aren’t we select the next
closest pose as the negative example. We do this because we want the examples
to be hard, but not too hard that they introduce noise. We compute triplet
loss between i, j and k by doing Liyiplet = max[0, D; , — D; ; + m], where m is
our margin. This loss is useful because it causes similar poses to move closer

together in the embedding space.

This makes the overall loss function to train the 3D Pose VAE:

Ly vipe = Lmse + Liriplet + Lxr1, (2.2)

2.3.3 2D Mapping Network

Once we have trained the 3D Pose VAE Network we utilize its embedding space
to learn a 2D Mapping Network (see Figure 2.4.b). In particular, we take the 3D
Pose VAE Network decoder model and we freeze it so that it translates from the
pre-defined V-VIPE space to 3D coordinates. Next, we train a new encoder Encyp
for 2D coordinates. The new encoder takes in input Sop = {p; € R?|i = 1...N'} and
outputs a V-VIPE, e € R". We pass e through the frozen decoder to get what the
embedding represents in 3D space according to the model trained in the previous
phase, Ssp = {p; € R3|i = 1...N}.

To train the 2D Mapping Network we use two losses. Given the input, Ssp, the
output Ssp and the ground truth 3D keypoints, S3p, we compute MSE(S;p, 3’3]3).
We combine this loss with a triplet loss, which we compute similarly as in Section 2.3.2.

The main difference is that we use the output from the 2D encoder and the ground
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truth 3D keypoints. We then back-propagate this loss through the whole network, but
do not apply the gradient losses to the decoder network. This is because we do not
want to change the embedding space, but we just want to train the 2D encoder to
make it compliant with the latent space.

We find that it is beneficial to pre-train the decoder as described in 2.3.2 because
we want to construct a space for V-VIPE that is smooth, without also needing to
learn a 2D to 3D mapping. Because we train our 3D Pose VAE on normalized 3D
poses it will only learn how to map to a normalized pose. Therefore the output of the
2D Mapping Network is also normalized. This means the output is rotation and scale

invariant, making it easy to compare 2D poses from different camera viewpoints.

2.4 Experiments and Results

2.4.1 Experimental Setup

The model uses a backbone network described described in [81]. We stack 2 blocks of
this network together for both the encoder and the decoder network of both the 3D
Pose VAE Network and the 2D Mapping Network. We set the linear size to 1024, and
we use a 0.1 dropout. The dimension of a V-VIPE is 32 and the margin for the triplet
loss is 1.0. Any 2D keypoint detector could be used, but we chose AlphaPose [28, 72,

, ]. We use COCO keypoints because they are widely used for 2D detectors. We

implemented the model in PyTorch and we trained it on 1 GPU.

2.4.2 Metrics

We evaluate the model using two metrics. The first is a hit metric, inspired from [112],
which we use to measure how often we are able to retrieve a pose that is similar to a
query pose. Given two normalized keypoints S, and S{,;D we first apply a Procrustes

alignment [119] between the two to get A(Siy) and A(S)y). Given a dataset with
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Table 2.1: Hit metric results for different values of k. The upper part of the table shows the
Hit metrics when using ground truth (GT) keypoints. The bottom part of the table shows
the metrics when using keypoint detection(D) and augmentation(A). For Pr-VIPE and our
method AlphaPose is the keypoint detector. Epipolar Pose uses its own detector. The x
version of Epipolar Pose is trained on the Human3.6 dataset and the # version is trained on
the 3DHP Dataset. Epipolar pose does not generalize to unseen datasets.

Dataset — H3.6M 3DHP (All) 3DHP (Unseen)

k — 1 10 20 1 10 20 1 10 20
PR-VIPE (GT) 97.6 99.9 100.0 42.6 72.8 79.1 43.7 73.2 82.0
Ours (GT) 89.7 98.8 99.4 45.3 76.2 83.1 47.9 77.9 84.5
2D keypoints 28.7 47.1 50.9 9.80 21.6 25.5 - - -
Epipolar Pose™ 69.0 89.7 92.7 - - - - - -
Epipolar Pose? - - - 24.6 53.2 61.3 - - -
PR-VIPE (D) 72.1 94.3 96.8 17.9 44.7 64.1 19.2 46.6 55.6
PR-VIPE (D + A) 70.9 93.1 96.0 25.4 55.6 64.1 27.8 57.7 65.8
Ours (D) 70.0 92.7 95.6 23.5 54.3 64.0 26.2 57.0 66.4
Ours (D + A) 69.0 93.5 96.3 26.9 59.0 68.2 30.1 61.6 70.3

many views we select two camera views. We find all embeddings for the 2D poses
from the selected cameras. Then, we query each embedding from camera 1 and find
the k nearest neighbors from the set of embeddings for camera 2. We consider a pair
of embeddings a hit if their original 3D pose satisfies MPJPE(A(Si,), A(S)p)) < .1.
We report HitQk for £k=1,10,20 and average over all pairs of cameras. This metric
represents view invariance because it shows how well we can match poses from one
viewpoint to similar poses from another viewpoint.

The second is the Mean Per Joint Position Error (MPJPE), which we define in
Section 2.3.2. This error is used to determine the distance between two sets of 3D

keypoints.

2.4.3 Datasets

In all the experiments we train on the standard training set of the Human3.6M dataset
(H3.6M) [51]. For our hit metric we use the test set of H3.6M as the validation set

and show results on the MPI-INF-3DHP dataset [32] (3DHP).
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Human3.6M. The H3.6M dataset [51] contains 3.6 million human poses taken from
4 different cameras. All of these cameras are at chest level. The standard training set
for this dataset is made up of subjects 1,5,6,7 and 8. The standard test set contains
poses from subjects 9 and 11. For the evaluation of the hit metric, we follow the
method described in [128], where they remove poses that are similar.

MPI-INF-3DHP. 3DHP [32] contains 14 different camera angles. For our tasks we
remove the overhead cameras, which leaves us with 11 cameras. Of these cameras, 5
are at chest height and the others have a slight vertical angle. This dataset is used
to show whether or not our method will generalize to data that is different from the

training data.

2.4.4 Augmentation

In order to improve the model’s ability to generalize we introduce camera augmentation
similar to the work done in [128]. To calculate this augmentation we take the ground
truth 3D pose and randomly rotate it. We then project this pose into 2D. We add
augmented poses to each of our batches during training time. We found that it was

best to add augmented poses for half of the poses in each batch.

2.4.5 Quantitative Results

Similar Pose Retrieval Experiments. We compare our model for hit metrics
against 3 baselines. The first baseline is the PR-VIPE model, which attempts to
define an embedding space without reconstructing the 3D pose; we adopted their open
source code and re-trained their model so we would have results on the same 2D pose
detector, i.e., AlphaPose. The second baseline is simply finding the nearest neighbor
of the detected 2D keypoints. The third baseline uses Epipolar Pose [63] to detect 3D
keypoints. In this case, Procrustes alignment is performed between all poses and the

closest aligned pose is selected as the match.
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Figure 2.5: Pose Estimation from 2D images of our model applied to different camera
viewpoints. We show 4 sets of results. The ground truth is on the left hand side of each
example, while on the right we provide the 4 original views as well as our model 3D output
for each view.

We show the hit metrics for the different & values in Table 2.1. The top section
of the table shows the results of our method and of PR-VIPE when trained and
tested with ground truth (GT) 3D keypoints. The left part of the table reports the
results on the test set of H3.6M. We can see that our approach is slightly worse than
the PR-VIPE approach. This is because we are testing on very similar data to the
original training set. Our model, however, is designed to generalize. The generalization
of the model is demonstrated in the middle part of the table, where we report the
performance on the 3DHP dataset when considering all available cameras. In this case,
our model gets higher values for all values of k. Moreover, when we pair one chest
camera with a camera that is not at chest height, i.e., unseen cameras with respect
to the training data(right part of the table), we can see that the gap is even larger.
For example, when considering k = 1, the gap between the two models is about 4.2
percent for unseen cameras and 2.7 percent for all cameras. This demonstrates that
the latent space we acquired during the VAE training is able to generalize to unseen
camera viewpoints better than existing models.

In the bottom section of the table, we show results when the keypoints are
automatically detected(D). For PR-VIPE and our model we use AlphaPose. Epipolar

Pose detects its own keypoints. Again our method outperforms the PR-VIPE model
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Figure 2.6: This figure demonstrates what a query and retrieval look like. On the left of each
pair of images is the query pose and the image on the right is the image that is considered
the closest match by our model. Each pair of images is labeled with the MPJPE between
the two poses. Its easy to see that some poses, such as the one on the far left, are easy to
retrieve because they are so distinct. And others, such as the one on the far right, have
occluded points as well as other factors that make the nearest neighbor hard to find.

when generalizing to data different from the training set, 3SDHP, as well as to unseen
cameras. For example, when k = 10 our method outperforms PR-VIPE by about 5.6
percent for all 3DHP cameras, and by about 7 percent for the unseen category.

In this section we also show results for detected keypoints plus additional training
data generated by augmenting the 3D poses. We see an increase from just our detection
model for 3DHP because we have introduced new camera viewpoints to the training
data. We see an improvement over PR-VIPE when they use augmented data, although
we do not get as much of a boost from augmentation because our model already
generalizes better than theirs. For £ = 1 our model outperforms theirs by 1.5 percent.

Additionally, in the table we report the 2D keypoints and Epipolar Pose results.
We can observe that using the 2D keypoints is not effective, as demonstrated by the
low hit metric for all k& values. The Epipolar Pose” method performs better than both
our method and the PR-VIPE method before any augmentation is applied to the data
because it is trained on the 3DHP dataset and does not need to generalize. When
you try to run the Epipolar Pose* model on 3DHP data the output does not resemble
human pose. We do not report generalized results for Epipolar pose because of this.
Despite the fact that Epipolar Pose? is trained specifically for detection on the 3DHP
dataset when we add augmentation of the data to our model we are able to beat their
results by about 2 percent.

3D Pose Estimation Experiments. In addition to calculating the hit metric
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described above our model also outputs the predicted 3D pose. We find that the
average error of this model is 62.1 millimeters. We calculated this number using a
model trained on keypoints detected by the Cascaded Pyramid Network [17] as this is
commonly [30, 100, 112] used for 3D Pose Estimation. We find that while this number
is not competitive with current methods for pose estimation that use more complex
models or take in more information, such as sequences, it is similar to the error found

in [31], which we use as the backbone for our network.

2.4.6 Qualitative Results

2D to 3D Pose Estimation. Figure 2.5 shows examples of our 3D estimations given
a 2D image as input. We show examples of 4 different poses each with 4 different
camera angles. In the two examples on the left we have very accurate retrievals. All of
the cameras have similar retrievals that allow us to determine that the person is in the
same pose despite the very different original camera angles. The examples on the right
are the ones where our model struggles to find the whole pose. In the example on the
top we are able to find the hand position because the hands are visible in every image,
however our model struggles to detect that the body is slightly angled. This is likely
because the difference in 2D keypoints between an angled and not angled body are
very small and our 2D keypoint detector is not accurate enough. In the example on the
bottom our model succeeds with the arms, except for one camera viewpoint where the
arm is not visible in the image at all. The other way our model struggles is with the
head tilt. This is likely because this is difficult to visualize from most camera angles.
3D Pose Retrieval. We show how our model is able to retrieve similar poses from
different view points. In Figure 2.6 you can see the query pose as well as the pose that
is retrieved from a different view point. Ideally, the two poses will be identical. This is
the visualization of what the Hit metric represents. If the queried pose is sufficiently

close to the retrieved pose then we have a hit.
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Figure 2.7: Pose generation, starting from a 3D pose we select two random noise directions
z; and generate poses using increasing magnitudes of noise az;, where a € {0.2,0.3,0.4,0.5}.
V-VIPE leads to smooth pose variations and can be used to generate unseen 3D poses.

Figure 2.8: t-SNE visualization of the V-VIPE space of our model for poses in the H3.6M
dataset. Each color represents similarity to one of 10 “key” poses that we selected. In the
expansion, three different poses and their place in the visualization are shown.
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Visualizing V-VIPE. Figure 2.8 shows a t-SNE visualization, which we use to show
the smoothness of the learned V-VIPE space, where each dot represents a V-VIPE. In
order to properly show the clustering we select 10 visually different 3D poses and color
our visualization based on which of the 10 poses is the most similar to the pose that
each point represents. It is easy to see from this graph that similar colors are typically
found in clusters. This means that the space well represents the notion of similarity
between poses. We can see this even clearer in the expansion of the visualization
where we show three poses and their locations in the cluster. The two poses on the
right are colored the same and are very close together. These are slightly different,
but the overall pose is very similar. We then select a point that is very far away and
here we can see that the pose is quite different.

3D Pose Generation. Our model is able to generate new poses by adding noise to
the embedding space of an existing pose. In Figure 2.7 we define a noise array z and
add it to an embedding with increasing magnitudes. The pose continues to move in

one direction as we increase magnitude showing that our embedding space is smooth.

2.5 Ablation Study

We performed an ablative analysis in order to understand which of our design choices
best contributed to our results. Triplet Loss. First we examine how important it is
that we include the triplet loss term in our method. We remove it from the loss term
and find that the new Hit@1 value is 17.41 with no augmented data. This is a drop of
6.1 from the Hit@1 value when triplet loss is included. Therefore the triplet loss value
is important to the overall loss term.

Data Processing. We examine how important it is for us to rotate the 3D pose
before training on our model. This step is important because it enables us to compare

the similarity of poses with two different global rotations without needing to do a
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time consuming Procrustes Alignment between every pair of poses. We find that the
Hit@1 value on 3DHP with no augmentation obtained when using non rotated points
is 18.0 percent, a 5.5 percent decline from our approach.

Pretraining the Decoder. Finally, we studied whether or not pretraining a VAE
and using a defined embedding space contributed to our final hit metric. We found
that the Hit@1 value for the model with no pretraining is 23.4 versus the 23.5 we
obtained by completing the pretraining step. However, this step is important anyways
because it enables the model to do 3D Pose Retrieval. Without it we would not be
able to map our 3D poses to our embedding space. Therefore we would not be able
to generate similar poses to a given 3D pose or query a 3D pose to find a similar 2D

pose from a set of images.

2.6 Conclusion

In this work we showed that by using only 3D poses to define a V-VIPE space we
can define a better camera invariant space than if we were to only use 2D poses. We
defined a procedure made of two steps: first we train a VAE model to learn a latent
space of 3D poses; then, we train a 2D keypoints encoder that is linked to the VAE
decoder to allow 3D reconstructions of 2D images. We adopted a VAE model as it
creates a smooth latent space that can generalize better towards unseen poses during
training. In order to achieve this goal, we train a VAE with a three component loss
function. We performed an extensive experimental evaluation, by using two datasets,
i.e., Human3.6M and MPI-INF-3DHP. We demonstrated that the latent space is
modeling a meaningful notion of similarity of the embeddings. This is reflected in the
Pose Retrieval experiments where we improve about 2.5 percent in the Hit@Q1 metric
when considering unseen cameras. We also showed qualitative examples demonstrating

the capability of our embedding space to capture the notion of similarity of poses.
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This is important in downstream tasks. In the future we believe that this approach
has a lot of promise for application to downstream tasks such as action segmentation
and detection.

Acknowledgements: This work was partially supported by NSF CAREER Award
(#2238769) to AS and the DARPA SAIL-ON (W911NF2020009) program.

2.7 Supplementary

Included in the supplementary material are several extra pages of results. In Figure 2.9
we include several results that show the effect of adding noise to an embedding for a
pose. In Figure 2.10 we show that by finding embeddings in between two poses we can

generate way point poses. Figure 2.11 shows the results of querying several images.
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Figure 2.9: In this figure we show what happens when we add random noise to the embedding
space for a pose. For each original pose we sample noise and then add it to the original

embedding in larger magnitudes. The smallest magnitude is on the left and we increase the
magnitude of noise as the images move to the right.
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Figure 2.10: Given the frame on the left and the frame on the right for each example we
show our models ability to generate frames in between two poses. We take the mean for the
embedding space of two poses, calculate the distance between those two means and then
add a portion of the distance to the embedding on the left at each step. The images seen

in the middle three columns are all generated. We can see that we are able to generate a
sequence of poses that lead from one random pose to another.
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Figure 2.11: Several retrievals from the 3DHP dataset. On the left is the query pose and on
the right is the retrieved pose. On top of each pair of images is the distance between the
two poses.
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Chapter 3

Robot State Representation

This chapter introduces Prescriptive Point Priors for Visuo-Spatial Generalization
of Robot Policies (P3-PO), which proposes a novel state representation based on
keypoints and an effective algorithm for extracting this representation in unseen
environments. Keypoints offer a robust representation for robotics, as they are not
directly tied to raw visual features and are therefore less susceptible to issues like
overfitting to background textures or lighting conditions. Future work will explore how
this representation can be integrated with other approaches to enable more effective

learning and generalization in real-world settings.

3.1 Introduction

A long standing goal in robotics has been to develop robot policies that are robust
to environmental changes and can operate across variations in spatial configurations
and object instances. While significant advances have been made in this direction for
computer vision [12, 116] and natural language processing [2, , 135], the majority
of robot policies remain confined to controlled laboratory environments with carefully
designed settings. Robotic policies struggle to generalize to real-world scenarios

because of the challenges and high costs associated with gathering diverse, high-quality
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Figure 3.1: A human prescribes key points one time for one instance of an object and those
points are transferable to all other instances of the same object.

robotic data.

Recent efforts aim to address this data problem by either aggregating existing robot
datasets under a common framework [91] or collecting extensive real-world datasets
through easy-to-use teleoperation tools [21, 27, 120, 156]. However, aggregated
datasets suffer from inconsistencies across actions recorded for different projects [94],
while large teleoperated collections, though useful, are often specific to a single robot
type [120, 156] and it is unclear whether these approaches would scale for different
robot morphologies. Consequently, developing generalized robot models still largely
depends on collecting more expert demonstrations.

One way to get around this data problem is to use strong representation priors

32



Transformer Policy

Transformer Action
Trunk Head

Point Encoder

Expert
Demonstration

Robot
action

History of observations
with point priors

Semantic (b) Point Representation for Policy Learning

|Correspondence [* -

Spatial Generalization Novel Object Instances Robustness to Distractors

One-time Point
Prescription

Off-the-shelf
Tracker

(a) Prescriptive Point Prior Annotation for Robot Data (c) Generalization across novel positions, instances and environments

Figure 3.2: Overview of the Prescriptive Point Priors for Policies (P3-PO) framework. (a)
A human annotator prescribes a set of semantically meaningful key points on a single
demonstration frame, typically in under 5 seconds. Off-the-shelf computer vision models
are then used to automatically propagate these key points throughout the entire dataset
without further human input. (b) The derived key points are leveraged by a transformer
policy to predict the action. (c¢) P3-PO enables learning policies with improved general-
ization capabilities, including spatial generalization (i.e. generalization to new locations),
generalization to novel object instances, and robustness to background distractors. P3-PO
combines the strengths of vision and policy prediction methods through simple yet effective
human-prescribed semantic guidance.

that transfer across scenarios and feed these representations as input into existing
policy architectures. While priors such as object proposals [125, 160, 161] and pose
estimation [96, 139] have been used in prior work, they often lose information which
makes policy learning harder or require accurate modeling of the object poses to
make the policy work. In this work, we explore if there exists a representation that
is flexible, serves as a strong prior, and can provide the object-centric abstraction of
a scene to enhance generalization. Compared to segmentation and object models, a
point-based representation retains fine-grained spatial information without requiring
accurate modeling of object boundaries or poses. By representing objects and scenes as
a set of unstructured points, these representations extract only the essential geometric
relationships between relevant elements in the scene. This allows the policy to focus

exclusively on the key spatial interactions.

We present Prescriptive Point Priors for Policies or P3-PO, a novel framework
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that leverages the generalization capabilities of state-of-the-art computer vision models
alongside state-of-the-art robot policy architectures. Through P3-PO, we demonstrate
improved spatial generalization, the ability to generalize to novel object instances,
and robustness to large environmental changes. P3-PO is built on three key ideas.
First, a human annotator prescribes a set of semantically meaningful points on a
single demonstration frame, a process that often requires less than 5 seconds. Second,
a diffusion-based visual correspondence model [131] and a state-of-the-art point
tracker [00] are used to seamlessly transfer these points to the entire dataset without
further human involvement. Third, the derived points are combined with state-of-the-
art policy architectures like BAKU [11] for learning robust robot policies. The novelty
of P3-PO lies in strategically combining the strengths of vision models and policy
methods, yielding a simple yet effective approach for generalizable robot learning.
We demonstrate the effectiveness of P3-PO through experiments on four real-world

tasks in an xArm Kitchen environment. Our main findings are summarized below:

1. P3-PO exhibits an overall 43% improvement over prior state-of-the-art policy

learning algorithms across 4 real world tasks (Section 3.5.5).

2. P3-PO generalizes to novel object instances, exhibiting a 58% improvement on

a set of held-out objects as compared to prior work (Section 3.5.6).

3. Policies trained with P3-PO are robust to the presence of background distractors
(Section 3.5.7) and work with both true depth and predicted metric depth from

state-of-the-art models like Depth Anything [117, 118] (Section 3.5.8).

All of our datasets, and training and evaluation code are publicly available. Videos

of our trained policies can be seen here: point-priors.github.io.
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3.2 Related Works

3.2.1 Imitation Learning (IL)

Imitation Learning (IL) [50] refers to training policies with expert demonstrations,
without requiring a predefined reward function. In the context of reinforcement
learning (RL), this is often referred to as inverse RL [1, 90], where the reward function
is derived from the demonstrations and used to train a policy [13, 44, 47, 69, &7].
While these methods reduce the need for extensive human demonstrations, they still
suffer from significant sample inefficiency. As a result of this inefficiency in deploying
RL policies in the real world, behavior cloning (BC) [107, 115, 118, 1341] has become
increasingly popular in robotics. Recent advances in BC have demonstrated success in
learning policies for both long-horizon tasks [18, 80, 123] and multi-task scenarios [13,

, 11, 91]. However, most of these approaches rely on image-based representations |13,

, 41, 53, 94, |, which limits their ability to generalize to new objects and function
effectively outside of controlled lab environments. In this work, we propose P3-PO,
which attempts to address this reliance on image representations by directly using
points priors as an input to the policy instead of raw images. Through extensive

experiments, we observe that such an abstraction helps learn robust policies that

generalize across varying scenarios.

3.2.2 Object-centric Representation Learning

Object-centric representation learning aims to create structured representations for
individual components within a scene, rather than treating the scene as a whole.
Common techniques in this area include segmenting scenes into bounding boxes [23,

, 29, 80, | and estimating object poses [130, |. While bounding boxes
show promise, they share similar limitations with non object-centric image-based

models, such as overfitting to specific object instances. Pose estimation, although
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less prone to overfitting, requires separate models for each object in a task. Another
popular method involves using point clouds [9, |, but their high dimensionality
necessitates specialized models, making it difficult to accurately capture spatial
relationships. In contrast, P3-PO leverages point prescription, eliminating the need
to learn a representation because it is predefined by a human. This enables zero-shot
generalization to both new objects and new spatial configurations. Similar to our
method prior work [54] uses correspondence to identify where to interact with an
object, however, this method relies on anygrasp [29], which is limited to a certain set
of objects. Additionally, this method requires learning the affordance of an object,

which can introduce errors that are less likely with point prescription.

3.3 Background

3.3.1 Behavior Cloning

Behavior cloning [106, 121] aims to learn a behavior policy 7° given access to either the
expert policy 7€ or trajectories derived from the expert policy 7¢. This work operates
in the setting where the agent only has access to observation-based trajectories, i.e.
T¢ = {(0,a:) o })_,. Here N and T denote the number of demonstrations and episode
timesteps respectively. We choose this specific setting since obtaining observations and
actions from expert or near-expert demonstrators is feasible in real-world settings [52,

] and falls in line with recent work in this area [20, 22, 11, 606, ].

3.3.2 Semantic Correspondence

Finding corresponding points across multiple images of the same scene is a well-

established problem in computer vision [70, |. Correspondence is essential for
solving a range of larger challenges, including 3D reconstruction [58, 83], motion
tracking [24, 15, 50, ], image registration [164], and object recognition [61]. In
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Prescriptive Points

Figure 3.3: Results of the correspondence model when used on the pick mug and plate off
rack tasks. On the left is the frame that is annotated by a human. On the right we show
that semantic correspondence [131] is able to identify the same points across a variety of
instances of each object.

contrast, semantic correspondence focuses on matching points between a source image
and an image of a different scene (e.g., identifying the left eye of a cat in relation to the
left eye of a dog). Traditional correspondence methods [76, 164] often struggle with
semantic correspondence due to the substantial differences in features between the
images. Recent advancements in semantic correspondence utilize deep learning and
dense correspondence techniques to enhance robustness [37, 39, 19] across variations
in background, lighting, and camera perspectives. In this work, we adopt a diffusion-

based point correspondence model, DIFT [131], to establish correspondences between

a reference and an observed image, which is illustrated in Figure 3.3.

3.3.3 Point Tracking

Point tracking across videos is a problem in computer vision, where a set of reference

points are given in the first frame of the video, and the task is to track these points
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across multiple frames of the video sequence. Point tracking has proven crucial for
many applications, including motion analysis [3], object tracking [150], and visual
odometry [92]. The goal is to establish reliable correspondences between points in
one frame and their counterparts in subsequent frames, despite challenges such as
changes in illumination, occlusions, and camera motion. While traditional point
tracking methods rely on detecting local features in images, more recent advancements
leverage deep learning and dense correspondence methods to improve robustness and
accuracy [15, 50, 158]. In this work, we use Co-Tracker [50] to track a set of reference
points defined in the first frame of a robot’s trajectory. These points tracked through
the entire trajectory are then used to train generalizable robot policies for the real

world. This can be visualized in Figure 3.2.a.

3.4 Prescriptive Point Priors for Policies (P3-PO)

Given demonstrations for robot manipulation tasks that cover a small set of possible
object configurations and types, we seek to learn a generalizable robot policy that
is robust to significant environmental variations and applicable to diverse object
locations and types. To achieve this, we introduce P3-PO, an algorithm that decouples
perception and planning to promote generalization. P3-PO operates in two phases.
First, given a small set of robot demonstrations, the user annotates a single task frame
with a set of semantically meaningful points. These reference points are propagated
to the rest of the dataset using a combination of semantic correspondence and point
tracking. The points obtained are fed into a transformer-based policy model for action
prediction. An overview of our method has been provided in Figure 3.2. Below, we

describe each component in detail.
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3.4.1 One-Time Point Prescriptions

Our method begins by collecting robot demonstrations for a task through robot
teleoperation [52]. The user then randomly selects one demonstration and annotates
semantically meaningful points on the first frame that are relevant to performing the
task, such as points on the robot and the objects being manipulated. This process
often requires less than 5 seconds. These user-annotated points serve as priors for the
rest of the data generation process. Using an off-the-shelf semantic correspondence
model called DIFT [131], we transfer the points on the first frame to the corresponding
locations on the first frames of all other demonstrations in the dataset. This allows us
to initialize the key points across the entire dataset without additional human effort.
For each demonstration, we then employ an off-the-shelf point tracking algorithm,
Co-Tracker [50], to automatically track the initialized key points through the entire
trajectory. In this way, by leveraging existing vision models for correspondence and
tracking, we can efficiently compute the key points on every frame in the dataset
while requiring the user to only annotate a single frame. This process, visualized in
Figure 1, takes advantage of large, internet-scale pre-training of the vision models to
generalize to new object instances and scenes without additional training. We prefer
point tracking over correspondence at every frame due to its faster inference speed and
ability to handle occlusions by continuing to track points. During inference, DIFT is
used to mark the corresponding key points on the first frame, followed by Co-Tracker

tracking the points during execution.

3.4.2 Policy Architecture

We employ the BAKU [11] architecture for policy learning. Instead of feeding in raw
images, we use points derived from the previous section as input to the policy. Each
2D image point is first back-projected to 3D using the depth information from the

camera. The points are flattened into a single vector in the order in which they are
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Pick mug

Mug on plate Take out bottle

Figure 3.4: Illustration of spatial variation used in our experiments.

annotated. This point representation is then encoded using a multilayer perceptron
(MLP) encoder. Given the noise in real-world depth sensing, we aggregate a history
of observation features and feed them as separate tokens into the BAKU causal
transformer policy. The policy predicts the action corresponding to each historical
token using a deterministic action head and action chunking with exponential temporal

averaging [150].

3.5 Experiments

Our experiments are designed to answer the following questions: (1) How well does

P3-PO work for policy learning? (2) How well does P3-PO work for novel object
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instances? (3) Can P3-PO handle background distractors? (4) How does P3-PO

perform with estimated depth? (5) Can P3-PO be improved with stronger priors?

3.5.1 Experimental Setup

Our experiments are performed on a Ufactory xArm 7 robot with an xArm Gripper in a
kitchen environment. The policies are trained with RGB-D images from a third-person
camera view and robot proprioception as input. The action space is comprised of the
robot end effector pose and the gripper state. We collect a total of 160 demonstrations
across 4 real-world tasks with varied object positions and types. The demonstrations
are collected using a VR-based teleoperation system [52] at a 30Hz frequency, which

are then subsampled to bHz. The learned policies are deployed at 5Hz.

3.5.2 Task Descriptions

We experiment with four manipulation tasks that exhibit significant variability in
object position, type, and background context. Figure 3.6 provides rollouts of the tasks
performed in our real-world setup. For each task, we collect expert demonstrations
across a variety of object sizes and appearances. We refer to objects and environments
seen in our collected data as in-domain. During evaluations, we add novel object
instances that are unseen in the training data. The variations in positions and object
instances for each task are depicted in Figure 3.4 and Figure 3.5 respectively. We

provide a brief description of each task below.

Pick mug The robot arm picks up a mug placed on the kitchen counter. The
position of the mug is varied for each evaluation. We collect 15 demonstrations
for 4 different mugs, resulting in a total of 60 demonstrations for the task. During

evaluation, we introduce 3 novel mugs.
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Take out bottle Mug on plate

Figure 3.5: Hlustration of objects used in our experiments. In each image, the left pile
depicts the in-domain objects while on the right are novel objects used in our generalization
experiments.

Lift plate The robot arm lifts a plate placed on the upper level of a rack. We

collect 8 demonstrations for 3 different plates, resulting in a total of 24 demonstrations.

During evaluation we introduce 2 novel plates.

Mug on plate The robot arm picks up a mug placed on the kitchen counter and
places it on a plate. We collect 15 demonstrations for 4 different mugs placed on the
same plate, resulting in a total of 60 demonstrations for the task. During evaluation

we use 1 novel mug and 1 novel plate.

Take out bottle The robot arm takes a bottle out from the lower level of a rack. We

collect 8 demonstrations for 2 different bottles, leading to a total of 16 demonstrations.
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During evaluation we introduce 2 novel bottles.
For all tasks, the xArm is initialized at its home position, while the object locations
are varied across trials. During evaluation, the objects are placed in a held-out set of

positions to keep comparisons fair across baselines.

3.5.3 Baselines

We compare P3-PO with three primary baselines.

Full RGB Representation This method utilizes the BAKU transformer architec-
ture [41], which takes the full RGB image of the scene and robot proprioception as

input.

RGB-D Representation This is a depth-based extension of BAKU that separately
processes the depth image using an encoder and appends a depth token to the policy

input for action prediction.

GROOT [160] GROOT is a transformer-based imitation learning algorithm that
constructs an object-centric 3D representation using Segment Anything [61] and a
clustered point cloud which makes it robust to background distractors and novel

objects. We refer the reader to the paper [160] for more details about GROOT.

3.5.4 Considerations for policy learning

P3-PO generates a point-based representation from 512x512 pixel images. For
correspondence, P3-PO leverages DIFT [131], using the first layer of the hundredth
time step with an ensemble size of 4. Point tracking in P3-PO is performed by
a modified version of online Co-Tracker that enables tracking one frame at a time,
rather than in chunks. P3-PO and GROQT utilize observation history while the

RGB and RGB-D baselines do not [11]. Additionally, the RGB and RGB-D baselines
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Table 3.1: In-domain policy performance

Method Pick mug Lift plate Mug on plate Take out bottle
RGB [11] 13/40 22/30 8/40 5/20
RGB-D 19/40 22/30 7/40 6/20
GROOT [160] __7/40 ___7/30 ______ 0/40 _______9/20 __
P3-PO 39/40 29/30 32/40 13/20

incorporate robot proprioception as an input, while we follow GROOT and do not

use robot proprioception as an input to P3-PO.

In-Domain Objects Novel Objects

Lift plate

Mug on plate

Take out bottle

Figure 3.6: Real-world rollouts showing P3-PO’s capability on (a) in-domain objects and
(b) novel objects.

3.5.5 How well does P3-PO perform for policy learning?

We first evaluate P3-PO’s performance on the in-domain environment configurations
using in-domain objects. We conduct 10 trials per object per task resulting in a
variable number of total trials per task. The results have been reported in Table 3.1.
We observe that P3-PO outperforms the strongest baseline on average by 43% across

our four real-world tasks. It must be noted that we only use 8-15 demonstrations per
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Table 3.2: Policy performance on novel object instances

Method Pick mug Lift plate Mug on plate Take out bottle

RGB 6,/30 5/20 0/20 2/20
RGB-D 3/30 10/20 1/20 4/20
GROOT  4/30 5/20 0/20 0/20
P3-PO  29/30 18,/20 16,/20 10/20

object per task, which is much smaller than prior works studying spatial generalization
in robot policy learning [21, , 156]. For the full RGB and RGB-D baselines, most
failures stem from minor errors, suggesting these policies could be improved with
additional demonstrations. In the case of GROOT, having introduced larger variations
in both the rotations and spatial locations of objects than the original paper [160)],
we observe that the policy is unable to generalize. We believe this limitation arises
because GROOT normalizes each object-specific point cloud by its centroid, losing
information about its position in space. To address this, GROOT adds the positional
embedding of the centroid to the processed representation. However, this may not
optimally reinforce the positional information. Videos on our website provide examples

supporting these hypotheses.

3.5.6 How well does P3-PO work for novel objects?

Table 3.2 compares the performance of P3-PO with the baselines when tested on novel
objects. These objects can be seen in Figure 3.5. We conduct 10 trials for each novel
object for each task resulting in a variable number of total trials per task. We observe
that P3-PQO’s visual representation allows it to effectively generalize to novel object
instances, outperforming the strongest baseline by 58% across all tasks. The RGB and
RGB-D baselines exhibit reduced performance on novel objects due to their reliance
on visual features learned from the training set. While designed for generalization,

GROOT struggles with spatial variations resulting in lower accuracy. These results
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Table 3.3: Policy performance with background distractors

Method Pick mug Lift plate
In-domain Novel object In-domain Novel object
RGB 0/5 0/5 4/5 0/5
RGB-D 1/5 0/5 2/5 0/5
GROOT __ 0/5 15 _____1 1/5 ____ - 1/5__.
P3-PO 5/5 5/5 5/5 5/5

suggest that P3-PO, with its point-based non-image specific representation, is better

equipped to generalize to novel objects than prior methods.

3.5.7 Can P3-PO handle background distractors?

We evaluate the performance of P3-PO in the presence of distractors in the task
background. An illustration of the distractors has been included in Figure 3.2(c).
We study this on two tasks - pick mug and lift plate. For each, we evaluate the
performance using 5 trials each on an in-domain object and a novel object. Table 3.3
provides these results. We observe that P3-PO outperforms the strongest baseline by
80%. The image-based baselines exhibit low accuracy due to their reliance on visual
features while GROOT struggles with spatial generalization. These results reinforce
that P3-PO’s point representation, decoupled from raw pixel values, enables policies

that are robust to environmental perturbations.

3.5.8 How does P3-PO without ground truth depth?

Given recent advances in monocular depth prediction [117, ], we investigate the
importance of true depth values for the performance of P3-PO. To evaluate this, we
compare P3-PO when using true depth from an RGB-D camera versus predicted
depth from an off-the-shelf monocular depth estimation model, Depth Anything 2 [117].

As shown in Table 3.4, we observe that P3-PO achieves equivalent performance on
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Table 3.4: Effect of camera vs. predicted depth on P3-PO

P3-PO Pick mug Lift plate
In-domain Novel object In-domain Novel object

Camera Depth 5/5 5/5 5/5 5/5

Depth Anything 5/5 5/5 5/5 5/5

two tasks, with one in-domain object and one novel object, regardless of whether
true or predicted depth was provided. This is an interesting result, as it implies that
P3-PO may be applicable to large-scale robot datasets [59, 91] which might not

always include depth data.

3.5.9 Can P3-PO be improved with stronger priors?

Prior work has shown that encoding relational structure between inputs can improve
policy learning generalization [0, , , ]. In this section, we investigate
whether encoding the spatial relationships between key points as a graph prior could
further enhance P3-PO’s performance. Specifically, we represent the key points as a
fully connected graph, with edges encoding the 3D distance between each pair of points.
Leveraging the annotation order, we flatten this graph into a vector representation
encoding the spatial relations between all point pairs. Policies are then trained on
this graph-structured input. As shown in Table 3.5, encoding the key points as a
graph prior results in similar performance to directly using the key points as input.
While additional structure did not provide clear benefits in this case, future work
could explore more sophisticated relational encodings or combining our approach with

other structural priors.

3.5.10 Can P3-PO complete more complex tasks?

In this section, we demonstrate that in addition to the tasks shown above, P3-PO excels

at tasks that are more complex and dexterous than simple pick-and-place operations.
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Figure 3.7: Rollouts of the two complex tasks. On the top we show that for both of these
tasks P3-PO can generalize to the object being in a different location. On the bottom we
show that P3-PO can also generalize to different orientations of the object.

First, we present results for a sweeping task where the robot picks up a broom and
sweeps a nearby cutting board (Fig 3.7). This task is challenging for two reasons -
(1) The broom’s handle is rounded, requiring precise handling to prevent slipping.
This demonstrates that the point-based context provides sufficient environmental
understanding for precise manipulation. (2) The task is long-horizon, consisting of
two stages: lifting the broom and sweeping the board. P3-PO is able to understand
its place in the sequence and act accordingly.

To evaluate P3-PQO’s adaptability, we tested the task with two different baskets,
showcasing its ability to handle varying vertical and horizontal angles. This is
demonstrated in Fig 3.7 The model achieves an 80% success rate when trained on 30
demonstrations and evaluated on 10 trials.

Next, we present results for an open-microwave task, which requires the robot
to navigate into the thin opening between the handle and the microwave. Despite

relying solely on point-based input, the robot is able to succeed with a high level of
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precision. This task is further challenging due to the wide range of orientations and
variations in the microwave’s initial placement. The results demonstrate P3-PO’s
ability to generalize to new locations and accurately interpret object orientations.
P3-PO achieves an 80% success rate on this task when evaluated on 10 trials and
trained on 22 expert demonstrations. Variations in microwave locations and task

execution are shown in Figure 3.7.

Figure 3.8: Demonstrations of success and failure for each task. On the left we show
successful demonstrations and on the right demonstrations of episodes that fail.

3.5.11 What do failures look like in P3-PO?

In Figure 3.8, we present examples of both successful and failed episodes across all

six tasks. These examples highlight that while P3-PO does not always succeed,

49



Table 3.5: Effect of stronger priors on P3-PO

Input Lift plate Take out bottle
In-domain Novel object In-domain Novel object

Point 5/5 4/5 3/5 3/5

Graph 5/5 5/5 4/5 3/5

its failures come close to achieving the task objectives. For instance, in the "open
microwave" task, the failures occur when the robot cannot open the microwave door
far enough for the door to remain open. Similarly, tasks like "pick mug" and "lift
plate" likely fail due to noise in the depth measurements. Notable these failures are

infrequent and we believe they can be addressed in future iterations of this work.

3.6 Conclusion and Limitations

In this work, we presented Prescriptive Point Priors for Policies (P3-PO), a simple
yet effective framework that leverages human-provided semantic key points to enable
more robust policy learning. P3-PO demonstrates improved generalization to spatial
variations, novel objects, and distracting backgrounds compared to prior state-of-
the-art methods. We recognize a few limitations in this work: (a) P3-PO’s reliance
on existing vision models makes it susceptible to their failures. For instance, point
tracking failures under occlusion hurt policy performance. However, we believe that
continued advances in computer vision will serve to further strengthen performance
of P3-PO. (b) While point abstractions facilitate better generalization, they lose
information about scene context that could be important for navigation amid obstacles
or clutter. Future work developing algorithms to retain sparse contextual cues while
maintaining P3-PO’s object-centric representation may help address this. (¢) In
this work, we primarily study the single task performance of point prior policies.

Extending the framework to multitask learning would be an interesting research
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direction. Overall, we believe P3-PO takes an important step toward developing
general, data-efficient robot policies suitable for real-world deployment by grounding

them in human point priors.

51



Chapter 4

Learning From Demonstrations

This chapter introduces a new method for learning reinforcement learning (RL) policies
without relying on handcrafted reward functions. As discussed throughout this thesis,
a major challenge in robotics is the limited availability of data and the high cost of
collecting it. While RL offers the advantage of requiring less human supervision during
training, its reliance on task-specific reward functions undermines its practicality.
Designing these rewards is often time-consuming and brittle, negating many of RL’s
benefits. Prior efforts such as inverse reinforcement learning (IRL) [36, 17, 109] aim
to learn reward functions from expert demonstrations, but typically require large
datasets—bringing the data scarcity issue back into focus. In Waypoint Exploration
from a Single Demonstration (WayEx), we demonstrate that a single unlabeled
demonstration can effectively replace a reward function, achieving performance on par

with state-of-the-art methods that require 100x more data.

4.1 Introduction

Humans have a natural ability to learn tasks by observing a single demonstration
which they can follow step-by-step. For instance, we can watch a video and grasp how

to open a vault, then practice until we succeed without requiring further instructions.
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Drawing inspiration from this ability, the combination of learning from demonstrations
and reinforcement learning techniques has become a popular and potent approach
for training robots [0, , , ]. However, compared to humans who can learn
simple tasks from a single demonstration, robots require a multitude of diverse expert
instances. For example, to learn how to open a vault, the robot must observe successful
demonstrations for different views and locations of the vault handle with respect to
the robot’s location. Moreover, each demonstration must contain information about
the location of the vault (state), the precise joint rotations (action) to reach the vault,
and knowledge about how close it is to completing the task (reward).

Hence, most common methods in learning from demonstrations, such as Imitation
learning [93, , | and Inverse reinforcement learning [36, 17, | require a set of
expert demonstrations, with a defined state, action and reward space. Collecting all the
data in real time and computing the definitive action and reward space is impractical
and inefficient. Therefore, in this work, we strive to reduce these inefficiencies by using
only a single demonstration for training. Additionally, our setup does not require
knowledge about the action space, relying on just the state space and a corresponding
reward function.

Prior works identify key states (waypoints [93, 102]) along the robot’s trajectory,
to help it navigate towards the goal. We also employ waypoints to solve the task,
without having access to the action space. Each observation within the demonstration
is defined as an individual waypoint. While other approaches [93] need access to
waypoints during the testing phase, WayEx only requires waypoints during training.
This prevents the need for training a model to predict the waypoints during inference.
We leverage the waypoints during training via an augmented reward structure based
on the known Q-Values [111] associated with each waypoint.

A common approach to solving a task without a dataset of expert trajectories is

to use dense rewards, based on the key steps of a task. Existing studies in the field of
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Figure 4.1: A comparison of our approach to general imitation learning techniques. (a)
Traditional Imitation learning approaches require multiple expert trajectories with a known
action space for training (4 shown here). (b) For our proposed method WayEx we use only
one expert trajectory, and expand knowledge from this one trajectory to learn how to solve
the task. During training with a single initial state (sp) and a single goal state (go), our
model learns to navigate back to the expert trajectory from points that are not part of the
trajectory (all dotted states, which can be a combination of 4 expert trajectories shown on
the top). This enables the model to successfully reach the goal state. We further introduce
additional start and goal states ([s1,g1],[ s2, 92, [s3,93])-
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reinforcement learning acknowledge that employing dense rewards is difficult since it
requires practitioners to engineer specific reward functions for each task. Additionally
these rewards, if ill-designed, can lead to unforeseen behavior. To circumvent these
challenges, we assume a sparse reward structure when determining the new reward.
With sparse rewards, the robot receives a reward of 0 if the actions lead to a goal
state; otherwise, the reward is -1. Acquiring this reward solely through the process
of exploration can prove to be highly challenging, making certain tasks unachievable
with sparse rewards alone [85]. Our approach strikes a balance, allowing the model to
receive frequent rewards without exposing it to the typical risks associated with dense
rewards.

By utilizing this new reward structure, our model can solve tasks that closely
resemble the demonstration setup. However, despite its ability to learn from a
single example, our approach still encounters a common limitation of learning from
demonstrations. If the robot encounters a state beyond the scope of what it has
previously encountered it will not know how to proceed. To overcome this challenge,
the robot needs to acquire experience beyond the confines of the provided demonstrated
space. A commonly employed method to achieve this is to integrate learning from
demonstrations with conventional model-free reinforcement learning algorithms [10, 75].
Strict model-free reinforcement learning involves learning optimal state-action pairs
through trial and error rather than relying on expert trajectories. We combine model-
free reinforcement learning with our waypoint reward and introduce an additional
expansion method that further enhances the model’s knowledge.

In this work, we propose WayEx, derived from Waypoint Exploration, a novel
approach that enables the training of a reinforcement learning model using a single
expert demonstration and without any prior knowledge of the action space. It can
serve as a wrapper around any reinforcement learning algorithm, facilitating its

applicability as the field advances. Our primary technical contributions are: (1)
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the introduction of a new reward function based on sparse rewards, which provides
additional rewards without introducing unforeseen consequences, and (2) a method for
expanding knowledge beyond a single demonstration to encompass the entire spectrum
of both the state and goal spaces. We demonstrate that our approach enables faster
learning of tasks compared to previous reinforcement learning methods while requiring

minimal additional information.

4.2 Related Work

Goal-Conditioned Reinforcement Learning. We are interested in investigating
tasks that involve a robot reaching a specific end state specified by an initial “goal.”
In the reinforcement learning (RL) community, these problems are known as Goal-
Conditioned Tasks. Prior works have studied how to use RL in many different ways
in order to solve these tasks [0, 31, 77, 89, , |. Early works such as [105, ]
show that it is possible to use standard RL methods such as [10, 75, &1], but it can be
time-consuming, and there are some types of tasks that these methods alone cannot
solve. To combat this, other works have suggested the use of hindsight re-labeling [0,

|, which speeds up the process, but still requires a large amount of data to reach a
successful trajectory [105].

Imitation Learning. Learning from demonstrations, also known as imitation
learning, is a common approach for solving goal conditioned tasks. Our approach uses
ideas similar to prior works such as [36, 95, , , , ]. These works take
recorded successful episodes of a task and use them to aid in training the RL model.
Several of these papers operate by adding successful demonstrations to the replay
buffer [36, 95]; however, these papers require accurate knowledge of the action space.
This type of information is only accessible in datasets specifically designed for robot

training. In order to learn from other sources, such as videos, the field must evolve
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Figure 4.2: Visualization of Grid World Toy Example. (a) shows the environment
setup with a sparse reward. (b) shows the reward for each state once the entire environment
has been solved using the bellman equation [11]. (c) represents WayEx where with a single
demonstration, we compute a close approximation of the reward for each state along the
path to the goal.

past this method. Additionally, aside from [102, ], these works all require a large
number of demonstrations. [102] can use a smaller number, but needs a task-specific
reward function. [117] only uses one example, but requires different start states. [103]
proposes pre-training the model and then fine tuning for each individual task, but
their pre-training is data intensive and not always generalizable.

Inverse Reinforcement Learning. Another closely related area, Inverse Rein-
forcement Learning (IRL), uses a model to predict the reward values based on the state
and action space. Methods such as [36, 47, ], employ a hybrid approach involving
both IRL and adversarial learning to solve a task with limited demonstrations. Similar
to our method, IRL methods are useful because they do not require a defined reward
function. Nonetheless, despite their claim of using a small number of demonstrations,
these methods still require at least 50 demonstrations. Additionally, these methods
struggle to generalize beyond the initial demonstrations. Our approach differs from
IRL approaches because we do not require the training of a model to define our
generalized reward, which leaves less room for error and requires less data.

Modified Sparse Reward. Several methods [78, , , | attempt to
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modify the sparse reward function in different ways to make learning more efficient.
Despite employing a similar reward structure to ours and looking at the maximum of
two different functions, [l13] still requires a large number of demonstrations as well
as access to the action space. Another way to learn with sparse rewards is to split
multi-step tasks into several different tasks [112]. This allows the sparse rewards to
be more frequent, but requires a precise definition of each auxiliary task which makes

creating a generalized model more difficult.

4.3 Method

4.3.1 Preliminaries

We formulate our problem as a Markov Decision Process (MDP) consisting of an [n]-
tuple (S, A, R, 7p, 7). The elements of this tuple are the state space S, the action space
A, the reward function R: S x A — R, the demonstration trajectory 7p: (S5, ..., Sy)
and the discount factor v. We will refer to a random episode trajectory as 7, where
T = (S0, a0,...,Sn,ay). N is the total number of states and actions to reach every
state. A policy is represented as mg: S — A, with parameters . We use a sparse
reward paradigm for our method, where the action space is unknown. A sparse reward
is defined as a reward function R that receives a reward of 0 when in the goal state,
g. At all other times the reward is —1. If g represents the goal state, and s,, and a,,
are the n'® state and action respectively, then the sparse reward function R can be
represented as

0 if s, = g,
R(sp,an) = (4.1)

-1 ifs, #g.
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4.3.2 Overview

In this section, we describe our method WayEx for learning goal-conditioned skills
from a single demonstration with no information about the demonstration’s action
space. An illustrative overview of our method is provided in Figure 4.2, which shows
a much simpler grid world demonstration. The leftmost grid in Figure 4.2 represents
the environment, where an agent must traverse the boxes to find the goal, which gives
a sparse reward of 0. The middle grid shows the reward for each box using a bellman
equation [ 1], which requires access to rewards for all states. Finally, the right grid
shows our approach which traverses a single path and then recursively determines the
reward of each state along the path. Access to one successful demonstration allows
WayEx to determine the pseudo ground truth rewards for each box along the path.
WayEx uses a sparse reward, along with bellman’s equation to compute the value
for each waypoint along the demonstration path. During exploration, a new state
obtains a reward if its distance from a known waypoint is less than a threshold dipresh
(captured by is_prox_wp()). We use Nearest Neighbors to determine the waypoint the
new state is compared to. After training and achieving some success, we improve our
method’s ability to generalize to unseen start and goal states, by expanding on possible
start and goal states. We present an algorithmic overview of WayEx in Algorithm 1,

followed by a comprehensive breakdown of each step for a clearer understanding.

4.3.3 Proximal Waypoint

Each state of the environment can be represented as s; = {pi,pa,...,px}, Vi €
(1,...,N), where p; represents an environmental parameter such as object pose and
gripper velocity and K represents the number of environmental parameters. Note that
each parameter, py, is a relative value, with respect to the object’s location, instead of
an absolute value with respect to the world coordinate system. This ensures better

generalizability of our method. We use our policy 7y to determine an action that allows
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us to reach an unseen state s.. Following other reinforcement learning algorithms [40),

], we add random noise to the action space, in order to increase the amount of
exploration done during training. Once we have reached s, we will determine if it is
within close proximity of a waypoint along our demonstration trajectory 7. To do
this we first use the Nearest Neighbor function to find the waypoint with the smallest

total L2 distance between the parameters in the waypoint and the parameters in s, as

s; = NN(s., 7p) = argmin ||s. — s;||,, (4.2)

VsiE€ETD

where s; € 7p is the closest state to (or the proximal waypoint for) s, from the states
within the expert trajectory 7p. For an agent to receive a reward at state s., the
distance between the parameters of s. and s should be less than a threshold. For
instance, if dipresn = {d1,ds, ..., dx} is the corresponding threshold for parameters
between s, = {p1,po,...,px} and s; = {p}, p5, ..., Pk}, then we compute the Boolean

hasProxWP as

True, if ”p;k _le < d’HVZ € K7
is_prox_wp(se, s;) =

False, otherwise.

We define one dipesn for each of the waypoints in 7p. For instance s has its own
threshold, dj, and when s} is the nearest neighbor to s., we use d; as the threshold.
In order to encourage progression, if hasProxWP is False 10 consecutive times for a
waypoint s;, then we increase df by e (= 0.001). We repeat this until we explore a

point that falls within the threshold of the waypoint sj.

4.3.4 New Reward Function

Given the nearest neighbor waypoint, s;, and the boolean result, hasProxWP, we can

solve for the reward function, r, for our state action pair (s, a). lmax represents the
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Figure 4.3: The environments that we experimented on with WayEx. We show results on 4
different tasks: (a) pick and place, (b) peg assembly, (c¢) open door and (d) peg insertion.
These tasks are ideal because they have a clear definition of success and therefore a clear
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Figure 4.4: (a,b,c) shows the results of the Meta World [152] environments when trained
using SAC [10] and a batch size of 2048. (a) Open Door Task, (b) Peg Insertion Task, (c)
Peg Assembly Task. (d) Pick and Place task is from OpenAT [105].

Table 4.1: Requirements for different baselines and WayEx in terms of state, action and
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Epoch

(a) Door Open
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(b) Peg Insertion
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Epoch

number of expert demonstrations.
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Epoch

(c) Peg Assembly
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Epoch

40 5
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Pre-requisites SAC (S) SAC (D) HER SAC+ RB SAC + MCAC AWAC AWAC + MCAC WayEx
Requires Action Space X X X v v v v X
Requires Pre-training X X X X X v v X
# Expert Demonstrations 0 0 0 1 or 100 1 or 100 1 or 100 1 or 100 1
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maximum length of an episode, I represents the length of the demonstration 7p and

t represents the time at which sf occurs. We compute the proposed reward, r as

Ip—t
Z —~" hasProxWP,
r=2< =0 (4.3)

lmax

Z —fyi not hasProxWP.
i=1

If hasProxWP is false, we still want to account for the possibility that our state,
Se, is on a successful trajectory. To do this, we say that the final reward R =
max (7, 7y * critic(se41)). In order for this to work we need to warm up the critic. We
do this by training it for 1000 time steps on just r before we include the critic reward.

For more information on actor critic methods please refer to [10, 75].

4.3.5 Expanding Knowledge

Following the demonstration, WayEx teaches the policy how to solve the task from a
fixed start and goal state. We now need to expand to every possible start and goal
location. To achieve this, we slowly increase the number of possible start locations
and goal locations, by adding random noise to the initial state space.

Given our current demonstration trajectory 7p with states sj and goal g*, let
N*(u*, 0*) be the distribution representing the amount of noise we will add to the
start state and goal state. We will set the mean, y*, to 0 and only increase the
standard deviation o*.

At the start of training o* is set to 0. ¢* uses a modification strategy applied every

25 episodes. The updated value of o* is described as o', where:

o* +0.001, if success rate > 0.05,
o = (4.4)

o, otherwise.
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Figure 4.5: This figure shows the results of several baselines when the are given one expert

demonstration (a,b,c) shows the results of the Meta World [152] environments when trained
using AWAC [58], MCAC [143], SAC + RB and AWAC + MCAC. (d,e) shows the results
of these same baselines on the robosuite tasks [163]

4.4 Experiments and Results

4.4.1 Environment Setup

We use MuJoCo [132] to simulate our tasks. The implementation of our reinforcement
learning algorithms was based on modified versions of the open-source code provided
by stable-baselines3 [108] and our baselines were based on [113]. Although we used
only one demonstration for each task, we varied the starting demonstration across
different seeds to demonstrate the adaptability of our method to different initial
demonstrations. To ensure robustness, we conducted each experiment four times with
different seeds and present the mean and standard deviation of these seeds in our
graphs. Each epoch consists of 40,000 simulated timesteps in MuJoCo. The pick and
place environment, the robosuite door environment and the robosuite lift environment
have 50 time steps per episode, and the remaining environments have 150 time steps

per episode. We pre-train AWAC for 25000 timesteps.
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4.4.2 Tasks

WayEx is trained on six distinct tasks, each designed to showcase the robot’s capability

to accomplish simple goal-conditioned objectives. The pick and place environment is

from the OpenAT Fetch tasks [105], the next three (open door, peg insertion, and peg
assembly) tasks are from Meta World [152]. The final two tasks, Robosuite (RS)-Open
Door and RS-Lift come from [163]. Images of these tasks can be seen in Figure 4.3.

Our tasks are: (a) Pick and Place: The task is to grasp a box and move it towards
a goal in the air. (b) Peg Assembly: The task is to pick up a round nut and then
place the round part over a peg. (c) Open Door: The task is to grasp a door handle
and then open the door until it reaches a goal location. (d) Peg Insertion: The
task is to pick up a peg and insert it into a hole. (e) RS-Open Door: The task is
to grasp a door handle and then open the door very slightly. (f) RS-Lift: The task

is to pick up a block and lift it into the air.

4.4.3 Baslines

We test our method (Table 4.1) against following baselines:

« SAC. This baseline uses the Soft Actor Critic (SAC) algorithm [10] as the
reinforcement learning algorithm. It can be initialized in three ways: (1) Sparse
Reward (SAC (S)), (2) Dense Reward (SAC (D)), (3) SAC + Replay Buffer

(SAC + RB): we initialize the replay buffer with expert demonstrations.

« Hindsight Experience Replay (HER) is a well known technique [6], which

uses the previous experiences to learn overtime.

o« SACH+MCAC. This baseline uses the soft actor critic (SAC) algorithm [10] as

well as Monte Carlo augmented Actor-Critic [143].

« Advantage Weighted Actor Critic (AWAC) follows the methods described
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Figure 4.6: This figure shows the results of several baselines when they are given one hundred
expert demonstrations (a,b,c) shows the results of the Meta World [152] environments when
trained using AWAC [38], MCAC [143], SAC + RB and AWAC + MCAC. (d,e) shows the
results of these same baselines on the robosuite tasks [163]. Our method continues to use
only one demonstration.

in [35].

o« AWAC+MCAC uses [38] along with a modified reward as describe in [113].

4.4.4 Results

We evaluate several different combinations of baselines each of which have different

requirements in comparison to our method.

No Action Space

First we look at methods that do not require access to the action space of an expert
demonstration in order to learn. In Figure 4.4(d), we analyze the performance of our
method compared to other conventional reinforcement learning algorithms for the pick
and place task. These graphs reveal two significant observations: (1) WayEx exhibits
a remarkable acceleration in the learning process with just a single demonstration,

over SAC. (2) WayEx demonstrates a considerably lower standard deviation compared
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to the other algorithms. We hypothesize that in general, methods relying on sparse
rewards requires a degree of luck. For that, the environment must be explored
extensively until a reward is obtained, allowing the method to learn the task. However,
WayEx circumvents this by guiding the agent towards the goal, irrespective of the
initial start point.

In Figure 4.4(a,b,c), we examine the outcomes of training three Meta World
environments [152] using the SAC algorithm. These results are compared against
a sparse reward and an episode-specific dense reward. Notably, we encountered
difficulties in implementing hindsight experience replay with these environments. The
Figure 4.4(a) represents the results of the open door task, (b) displays the results
of the peg insertion task, and (c) showcases the peg assembly task. Across all these
environments, we observed that SAC was unable to solve the tasks effectively when
utilizing sparse rewards. For the open door and peg insertion task WayEx performs
similar or better than the dense reward. The dense rewards have been finely tuned to
each task and can require a lot of trial and error to finalize, while WayEx is a general
reward that can be applied to any method. Regarding the peg assembly task, we
discovered that SAC was unable to solve the task even with the dense reward during
the training period. This is due to increased complexity of the task, which results in a
noisier reward signal. This task is more difficult because there are a greater number of
objectives to be accomplished. However, our method proved capable of swiftly solving

the task despite these challenges.

One Expert Demonstration

Next, we look at our method compared to baselines that require just 1 example. We
compare against AWAC, AWAC + MCAC, SAC + RB and SAC + MCAC when just
one expert demonstration is used. The results of this are shown in Figure 4.5. We

find that for the three meta world tasks our approach significantly outperforms the
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other approaches. AWAC and AWAC + MCAC work in the Peg Assembly and Door
Open tasks, but they are not able to solve the problem as well as our approach is.
For the RS-Door Open task, we find that our approach performs very similar to all
other baselines. This is likely because the task is very easy and requires only a small
amount of data. The RS-Lift task results look similar to the MetaWorld results where
our method significantly outperforms the others. This task was more difficult than
others due to the rotation of the block being different in each episode, but our method

is able to handle it nonetheless.

100 Expert Demonstrations

Finally, we look at our method compared to the same baselines when the baselines use
100 expert demonstrations. The results are shown in Figure 4.6. Note that AWAC,
which is the method that performs the best in these scenarios has to be pre-trained in
addition to the online training. We find that although our method takes more online
training time with just one demonstration, versus 100 demonstrations, our method

performs equal to or better than the baselines in all of the tasks.

4.5 Conclusion

We present WayEx, a new approach that enables training reinforcement learning models
using a single demonstration. Unlike other imitation learning methods, which typically
rely on multiple demonstrations and access to detailed action information, WayEx can
operate with limited information and single demonstration. In order to achieve this,
we introduce a novel universal reward function and leverage a knowledge expansion
technique that extends beyond initial start and goal states. This makes it highly
suitable for learning tasks with minimal information across different environments.

We show that WayEx is faster than standard reinforcement learning models, in cases
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where the rewards are sparse or dense, and showcase its ability to succeed where other
approaches fall short. Additionally, we show that WayEx performs similar to or better
than a variety of imitation learning methods when these methods use either one or
one hundred expert demonstrations. In future research, we aim to explore the use of
expansion for non-linear states and investigate the utilization of image-based state
spaces rather than joint locations.

Acknowledgements: This work was partially supported by DARPA SAIL-ON
(W911NF2020009) program and NSF CAREER Award (#2238769) to AS.
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Chapter 5

Dynamic Interaction

This chapter explores how simple robotic skills, typically developed in controlled lab
settings, can be adapted for real-world use through dynamic planning. The central
contribution is a novel planning framework that combines three components: a static
policy trained in a fixed environment, an Estimated Time of Arrival (ETA) network
that predicts how long the robot will take to reach its goal, and a trajectory prediction
network that forecasts the motion of objects in the scene. This approach addresses
a core limitation of current imitation and reinforcement learning methods, which
often assume a static environment i.e., objects remain stationary unless moved by the
robot. In real-world scenarios, however, such assumptions rarely hold. Since collecting
real-world training data is costly and challenging, leveraging planning to adapt static
policies to dynamic settings is a promising step toward robust, real-world robotic

deployment.

5.1 Introduction

Humans have an innate ability to understand the world around us. We do not have
to think twice when we dodge people on the street or prevent something from falling

off the table. Robots, on the other hand, are relatively inept at performing the same
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tasks. They cannot adapt to dynamic situations in the same way people do. In the
past, robots have been utilized in specialized environments, where assumptions can
be made about the surrounding environment and the object location. The goal of
this project is to leverage recent advancements in robot learning, path planning, and
trajectory forecasting to enable robots to act in dynamic environments.

In a typical robotic planning problem, the robot observes the environment, plans
to complete a specific goal, and then executes one step of that plan, repeating this
process until the goal is met. However, in a dynamic environment, accomplishing
this is infeasible — as a robot plans to meet a specific target, the real target will have
already moved. Employing a typical planning approach to solve this (e.g., pure pursuit
control) results in a robot following behind the target, often without reaching it. In
this work, we will address this problem by planning for a possible future location of
the object and then adjusting this plan as necessary, to reach the final target position
at the same time as the actual object.

The field of dynamic targets is relatively under-explored, other than tasks like
catching a ball [60, 65, , , ]. However, the task of catching does not require
the exact timing; for example, an agent can go to the goal location early and wait
for the object. Compare this to our setup of trapping a rolling ball with a box. If
the robot reaches the location early, it misses the ball entirely. We demonstrate that
synchronizing the agent’s timing and the moving object is critical in completing such
dynamic tasks. With the notable exception of [151], most other approaches for solving
dynamic tasks rely on solving for the physics that represents an object, which fails to
generalize beyond the specific task these equations are designed for.

Solving the simple trapping task, raises several research challenges. The robot
needs to know a goal location to go to, but predictions of object movements in the
real-world are noisy. The standard solution of re-planning needs to work in tandem

with the future location predictions. The speed at which we get the predictions needs
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to be in sync with the speed at which the robot needs them. The approach needs to be
real-time, and therefore should use as little computation as possible. The forecasting
approach should implicitly learn the underlying physics in the environment, such as
the initial velocity of the object and friction, which dictate the movement of objects.
Finally, the solution should not require re-training for every possible dynamic setup.

Our key contribution is an approach to utilize a static planner for dynamic tasks
using a Dynamic Planning add-on; i.e., if we can successfully solve a task with a
static target, then our approach can solve the same task when the target is moving.
Our planner integrates a given static planner with two new networks, a trajectory
forecasting network, and a robot’s estimated arrival network. Using these three
networks, our planner is able to determine an appropriate goal location and roll out
actions that the robot should take at each step of an episode to interact with a dynamic
object. We demonstrate the effectiveness of our approach on the task of trapping a

moving ball and dynamic FetchReach [32].

5.2 Related Work

Motion forecasting: Forecasting the trajectory of an object to improve robotic
manipulation has been studied for decades (e.g., at least as early as 1995 [101]). Since
then, the interplay between prediction and robotics has been studied in many different
scenarios. In recent years, a popular paradigm to study trajectory forecasting is
social situations with many moving actors [1, 91]. Most of these approaches build
on Recurrent Neural Networks, or variants, to predict actors’ future movements.
Generally speaking, the input and output sequences are of the same short length,
limiting their applications in robotics problems, which require long-horizon predictions.
Such approaches require a prohibitive amount of memory and time to make accurate

long-horizon predictions.
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A popular use of trajectory forecasting in robotics is predicting how a robot will
interact with objects to perform specific tasks [33-35]. However, much of this comes
down to learning, or modeling, the physics of an object and the robot, and predicting
how the objects will interact with each other. To accomplish these tasks, the algorithms
must simulate thousands of possible futures to find the right one. This makes them
unlikely to work in environments with dynamic objects, because by the time an action
is decided on, the required interaction will likely need to be different.

Due to the issues highlighted above, many recent robotics works have resorted to
using physics to accomplish their tasks [65, 113]. For the most part, current techniques
require large amounts of domain-specific data pre-processing and post-processing,
to manually extract velocity, acceleration, position, etc. [127]. Such processing may
require information about the environment, that ideally, we would want to learn.
Dynamic tasks: There are a few recent works that address the task of moving
targets. In [32] authors take the original OpenAI Gym environments and develop
an end-to-end solution, where a reinforcement learning model tries to hallucinate
the future. However, they move the objects along a straight predictable path, not
taking into account any physics. Additionally, [62, 1141] address playing ping pong and
catching a ball; but as discussed above, they both rely on accurate physics modeling
to plan future paths.

Similar to our approach, [25, 154] solve for dynamic goals using future prediction.
However, [25] predicts the future, taking both actions and object movement into
account, as opposed to just the object movement. This exponentially increases the
number of possible futures and adds complexity, without a clear benefit. [151] only
addresses the problem of catching, which doesn’t require as accurate timing as our
task. Additionally, they feed their entire future prediction into the action policy.
This implies that not only do they have to run their forecaster at each step, which is

computationally expensive, but for each task, they have to train both the forecaster
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Figure 5.1: Our goal in the Trapper task is to train the robot arm to trap the ball, shown in
grey, while it is still moving. The velocity and direction of the ball are randomly set at the
beginning of each episode, as is the starting location of the ball. The yellow line represents
the known trajectory of the ball, which can be found by running the same episode twice,
and the blue line represents the predicted trajectory given only past locations. The arm
utilizes the predicted trajectory when selecting a future location, shown in red, to target.

and the model-predictive controller; making it difficult to evaluate their generalization

to other tasks. We decouple these two tasks, which leads to a more general solution

that can be applied to many different problems.

5.3 Method

Our key contribution is a mechanism to retool a static planner using a Dynamic
Planning add-on. This implies that if you can successfully solve a task with a static
target, then you can solve the same task if the target is moving. A task-centric
interpretation would be that our proposed add-on ‘reduces’ a dynamic task to static
task, which can be solved by off-the-shelf static planners.

Our proposed add-on, Dynamic Planner, has three main components that work
in tandem to complete a dynamic task. First we describe the dynamic task used
in this paper (Section 5.3.1), followed by the building blocks of our model (Sec-

tions 5.3.2, 5.3.2, 5.3.2), and how they are integrated to work together (Section 5.3.2).

5.3.1 Task definition

The goal in our task, Trapper, is to trap a moving ball using a robotic arm, visualized
in Figure 5.1. To be successful, the agent needs to correctly synchronize the time

when the attached box covers the goal location and when the ball is at that specific
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location. If the box traps the ball, by covering it, the episode is considered a success.
We chose the URS robot because of its widespread use and several successful sim2real
demonstrations [99, ]. We use a box attached to the UR5 arm, instead of a
gripper, to focus on the dynamic aspect of the Trapper task, and omit the added
difficulty of getting the gripper in just the right position for manipulation. We used
the MuJoCo [133] physics simulator to model Trapper.

At the start of each episode, the ball is placed at a random location on a billiard
table. A total of eight pockets imply that the ball can roll off the table at any point.
This forces the robot to trap the ball while it is still moving, as opposed to the shortcut
of waiting for the ball to come to a halt before attempting to trap it. In addition to
considering the ball rolling off the table, the planner must learn to predict and deal
with the ball bouncing off the walls of the table. Across episodes, we randomize the
starting location and initial velocity of the ball. Also, during some test episodes, we
change the friction of the table.

Next, we describe how we utilize the static planner for the Trapper-Static task
(trap a ball that is not moving) to solve the Trapper-Dynamic task (trap a rolling
ball).

5.3.2 Overview

Our approach builds on three building blocks: a static planner, a trajectory forecaster,
and a network that predicts how long it takes the arm to reach any particular goal
from its’ current location (or an estimated time of arrival network). We first describe
each of these components and then present how they interact with each other to solve

dynamic tasks.
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Static Planner

Our approach utilizes a static planner. To demonstrate the different possible appli-
cations for our algorithm, we use two types of static planners, utilizing model-free
reinforcement learning and inverse kinematics, to plan a trajectory towards the goal
location.
Model-free Reinforcement Learning Planner (RL): We use Deep Deterministic
Policy Gradients [71] with Hindsight Experience Replay (HER) [5], to solve for the
static planner for the Trapper-Static task. Our policy maps the state space S and the
goal space G of the environment to an action: 7 : S,G — A. We will designate the
states corresponding to the robot arm as s® and the current state of the object as
s9. Given a static goal, g € G, our policy for the arm is m,(s"), for any s € S. In
Section 5.3.2, we will describe how this policy can be utilized to solve dynamic tasks.
We define the reward space used to obtain m,(s®) as Q™ (S, A). HER typically
works best with a sparse reward, Q™ (S, A) = 1 if we have reached goal state, g, and
Q™ (S, A) = 0 otherwise. However, in the specific case of the Trapper task, it is
difficult for the arm to learn how to align the box horizontally with the table to trap
the ball without an additional reward. We address this by solving for a polynomial
reward R(fyox), where 60y is the angle between the surface normal of the open-face
of the box and the surface normal table. We boost this reward by multiplying by a
function 3, which increases as the box nears the ball. This ensures that the box is in
the right orientation to trap the ball. In addition, we give a sparse reward based on

whether or not the ball is successfully trapped. Therefore, our final reward function is:

Q™ (s, a) = {]l (SR(bOX) == g) + BR(HbOX)} , (5.1)

where sf(box) is the location of the box and == checks if the box has reached the

goal, with some margin of error.

5



Intermediate 0 0 -
ic (s® St Goal Si_H+lt 84104 —P| Determine
¢ In!errnedlale
------ Goal

akf Dynarmc St "ﬂ, cie :
Planner ________ _:
t\me s(eps

)

update d

(a) Static Planner (b) Dynamic Planning using Static Planner (c) Dynamic Planner Add-on

Figure 5.2: Planner Overview: (a) How a simple planner would be run in a static situation.
At each step the planner, Static, (74 or 1K), takes in st the state of the robot, as well as
g, the goal location. It then outputs a®, the action for the robot to take in the environment.
The action is simulated in E and the new state is outputted. (b) The Dynamic Planner is
integrated with the static planner, taking in s as well as s©, the state of the object and
outputting the g to be used in the static planner. (¢) The Dynamic Planner is extended
to show how Pf,, the ETA network for the robot, and Ptraj, the trajectory forecasting
network are used to find §.

We use the Stable Baselines [16] implementation of DDPG [71] and HER [5] to
train this static planner on the Trapper-Static task. After training, this planner
achieves ~ 75% success rate on the Trapper-Static task. Failure cases typically occur
if the ball is too close to the arm’s base or out of the arms reach. We do not re-train
this static planner when adapting it for dynamic tasks. Figure 5.2(a) illustrates a
static planner during inference. Since we use an off-the-shelf static planner we refer
the reader to [5, 16] for more details.

Inverse Kinematics Planner (IK): For the second static planner, we use the UR5
inverse kinematics and the dampened least squares method to solve for the trajectory
of the arm [10]. Ideally, when using an inverse kinematics planner you would want
to plan the entire arm trajectory to the goal each time the goal location changes,
however this is too time consuming for a dynamic problem. To mitigate this we solve
for 5 steps of the path at a time. This gives the flexibility to change the goal location
as the episode rolls out. We will refer to this planner as I K,(s™) where, the planner
takes in the state of the robot, s%, and outputs a’?, the next action for the robot to

take. Unlike the RL planner, this planner reaches ~ 100% success rate.
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Trajectory Forecasting

Trajectory forecasting has been widely studied in computer vision and autonomous
vehicle communities (Section 5.2). However, many of its applications (e.g., [1]) do
not require the kind of long-horizon real-time forecasting that is needed for dynamic
robotics. Most trajectory forecasting techniques use Recurrent Neural Networks (RNN)
or variants, which have memory and time limitations for long-horizon predictions.

Instead, we opt for a faster, albeit potentially less accurate, approach [91] that
requires little knowledge about the actual environment and tries to predict F' steps
into the future given H steps of past information, where F' >> H. Therefore, we
sacrifice some accuracy to gain a real-time long-horizon prediction. This is necessary
because, unlike in autonomous driving, the episode happens in a very short period
of time. We cannot wait to gather a lot of prior experience. In our specific example,
we use 24 steps of prior information to predict 300 steps of future information. The
lower prediction accuracy has modest impact on the success rate at high velocities,
but it satisfies the necessary time constraints, making it an attractive choice for this
scenario.

Our trajectory forecasting network uses [91], which uses Convolutional Neural
Networks (ConvNets). Unlike RNNs; which make sequential predictions, ConvNets
can predict long-horizons in a single-shot leading to faster prediction in our setup.
Our selection was also, in part, inspired by the findings of [8]. The state of the object
(i.e., its location) at time ¢, is denoted by s = (x4, s, 2:). At the current time ¢, the
network takes H past object locations, s ,_ ., and the current location as inputs

and outputs predictions for future locations for F' time steps. This network can be

defined as

Pt?aj(S?—HH;t) = §g—1:t+F (5.2)

where §to+1:t . represents the predicted object locations at [t + 1,¢ 4 F] time steps .
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These predicted locations are relatively accurate for earlier time steps, but get
more inaccurate as the time gets further from ¢. This inaccuracy can be seen in the
illustrated dashed blue line in Figure 5.3. However, given the design of our dynamic
planner, the predicted trajectory need not be exact as long as it is generally in the
right direction. If this condition holds, our algorithm moves the arm in the right
direction, so it is always getting closer to the goal location. We quantify this by
showing that results using our predicted path are close to the results when we use the

oracle future path.

Estimated Time of Arrival (ETA) of the Arm

In previously studied dynamic environments, it did not matter when the robot arrived
at the goal location, so long as it did so before the object. For example, when catching
a ball as long as the robot is there when the ball reaches the desired location, the
robot can successfully catch it. This is also true in other popular dynamic problems,
such as ping pong.

Trapper-Dynamic is different because it requires coordinated arrival timing between
the object and the robot. If the robot reaches the target location too early, the box
will already be on the table by the time the ball arrives, causing the ball to collide
with the box instead of properly trapping it. Likewise, if the robot reaches the target
location too late, it will miss its chance to trap the ball entirely. Therefore, the crux
of our approach is that we have to time the drop of the box with the exact time
the ball will be at the drop location. In order to coordinate this, we define an ETA
function P ,(sf, g), which for every s € S and a given goal location, g, provides
an estimation for how long it will take our static solver to reach g from state s%.

We use a simple Multi-layer Perceptron (MLP) network to model P ,. To get
the data to train this network, we run Trapper-Static using the static solver multiple

times, for many different g, sampling five intermediate states of the robot between
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Figure 5.3: The progression of how our dynamic planner selects the new target location.The
first image shows the box with edges of size 2d drawn. From here we run the ETA network
on the corners and find the corresponding points on the predicted trajectory. We select the
point on the trajectory closest to the corresponding corner as the new §. This is repeated
every tTTR steps.

the initial state and the goal location. We then calculate how long it takes to reach
the goal location from each of those states. We discretize the ETA window of 500
time steps into 100 bins (e.g., 0-4 steps, 5-9 steps, etc.). In order to figure out which
of these bins a state falls into we structure our network with 3 linear layers each
with a ReLu activation network and a final layer which is also linear and outputs a
probability to 100 different buckets using softmax. At training time, we use both the
state and the goal as input and classify each pair into one of the bins. We use softmax
cross-entropy loss for optimization. We observed that the discretized ETA network

led to better convergence than a regression model, and the possible error of up to 4

time steps for each classification did not have any practical impact.

Dynamic Planner

At each time step, our static planner takes in the observed state and the goal, and
outputs an action. To utilize this planner for dynamic tasks, we can modify the goal
location g input to planner, and there-in lies the challenge. The trajectory forecasting
network can give potential future locations of the ball, but its unclear which location

should be used as the goal. A simple solution is to use the current location of the
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ball at every time step s (i.e., change the goal every time step) and expect that the
arm and ball will eventually converge (e.g., pure pursuit control). However, as we
demonstrate in experiments, this results in the arm following the ball and is unable
to deal with bounces and drop-offs effectively. Another extreme option is to use a
long-horizon future (s, where T >> t) as a goal and have the arm wait for the
ball. However, this assumes precise trajectory prediction, which is erroneous. In
our approach, we aim to achieve a balance between these extremes, by utilizing the
trajectory forecasting and ETA network together.

Our dynamic planner uses the trajectory network and the ETA network to deter-

mine an appropriate goal location, which should ideally reflect the location where the
ball and the arm will reach at the same time. However, since the outputs of trajectory
network and ETA network are noisy, we need to repeat this process, or re-plan, as time
progresses. That said, deciding when to re-plan, is a problem within itself. Ideally, we
want to re-plan as little as possible, because it is time-consuming. On the other hand,
re-planing means that our initial target location does not have to be accurate, as long
as it is in the vicinity of where the ball will be.
Re-planning: To address this, we propose a simple approach that finds a balance
between these two by shrinking the re-plan window each time, that is, as the arm
gets closer to the ball, we re-plan more often, allowing the algorithm to zero-in on an
accurate target. Our time to re-plan is given by tprr = max(ytrrTr, 25). We initially
set trTr to be 75 and v to 0.9. We don’t allow t1rr to be less than 25. This method
allows the target to be fairly inaccurate at the beginning of each episode and zero in
on the correct location later on. Therefore, our approach determines an appropriate
goal location, which we will refer to as intermediate goal g, and tprg, it then runs
the static planner for tprr time steps before it re-plans. This process is illustrated in
Figure 5.2(b).

Finding intermediate goals: The discussion so far alluded that, given the trajectory

80



network and the ETA network, determining an appropriate goal location is straight-
forward, which is untrue. Next, we describe why this is the case and our approach to
determine g.

At each re-planning step, the trajectory forecasting network predicts 5.,  and
we want to find the new value of § from this trajectory such that the following is true,
for a current state s’,

Sev =g and Pgpa(s",g) =€, (5.3)

that is, both the arm and the ball will reach g in e* time steps. The problem with
these constraints is that they have cyclic dependence, where we need e*, which is some
unknown future time step on the trajectory prediction to find g, and we need g to
find what e* should be from the ETA network. To resolve this, we could use a brute
force approach and get e; at every time ¢ on the predicted trajectory until we find
an e; that satisfies eq. 5.3. However, this is not practical for a real-time setup, at
least not without employing a computational cluster. Instead, we devise the following
algorithm to approximate g.

As illustrated in Figure 5.3, we begin by considering a local search region (shown
as a red box) around the current observed location of the ball s¢. To determine the
size of this box, parameterized by d, we solve

d = D(59,59), where ¢, = P& (5%, 59) (5.4)

et

where D is the distance function. The intuition is to shrink the local search region
proportionally as the arm nears the ball’s current location. If the arm is getting closer
to the ball, then this number should shrink as the episode progresses.

Once we have d, we take the current location s = (z,y,2) and find the four
corners of our square search region, located at (x + d,y + d, 2), (x +d,y — d, 2), (x —

d,y —d,z),(x —d,y +d,z). Note that for our current experiment, there is no need
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to modify z because everything is in on a 2D plane, but it’s easy to do so. Let these

four locations be c1, co, c3, ¢4 € C. We now solve for e; = PE.,(s®,¢;) and look at the

O

€

trajectory to select the following points 52. Out of these, we select the point in §
that satisfies

¢ = argmin{D(c;,39);Ve; € C} (5.5)

¢ €
c* is our best guess at a location close to the actual trajectory where the arm and
the ball will reach the same location at the same time. We use ¢* to find a good
approximation for e*, so we can select a point on our estimated trajectory where we
predict the arm and ball will meet at the same time. This gives us e* ~ Py (s, ¢*).
We can determine the intermediate goal as § = 39 from the original constraint, eq. 5.3,
and pass that into our static planner. Simplified versions of the Dynamic Planner
and the intermediate goal finding algorithm are illustrated in Figure 5.2(c) and 5.3

respectively.

5.4 Experiments

We first present experiments on the Trapper-Dynamic task, described in Section 5.3.1,
and then report results on a dynamic version of the FetchReach environment from [32].
Implementation Details: We train our model in two separate stages. First, we
obtain Trapper-Static using either online reinforcement learning or by solving for
the inverse kinematics of the arm. After we have a functioning static model, we
simultaneously collect data from MuJoCo for our ETA network and our trajectory
prediction network. We do this by using Trapper-Dynamic, but keeping the value of
g static, so we can observe both the trajectory of the ball and the path of the arm
towards one location. We collected ETA data, as discussed in Section 5.3.2. In order
to get diverse data for the trajectory prediction network, we run each episode four

times longer than usual and then sample five random trajectories of length F' + H.
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We use this data to train our ETA and trajectory prediction network offline.

5.4.1 Baselines
Target Pursuit

This baseline, inspired by pure pursuit control, is the simplest way to solve the dynamic

problem. At each frame ¢, we update § to be s.

Oracle Trajectory

We use an oracle for the trajectory, instead of predicting the trajectory. We obtain the
oracle by running the same episode twice. On the first run, we don’t move the arm so
that we can collect the ball’s trajectory with no arm interference. On the second run,

instead of feeding in the output of P9 . to determine the new §, we instead feed in

traj

the oracle trajectory. Note that if the arm interacts with the ball (e.g., touches it),

then the ground-truth trajectory will be different from the oracle trajectory.

5.4.2 Experiment Setup

We run two different experiments. First, we change the ball’s initial velocity across
episodes, randomly selecting the x and y components. Second, we change the friction
loss of the ball, which is a simple way to increase the friction between the ball and
the table. Note that all networks were trained with the first variant, but the second

variant is never observed during training, and thus, evaluates generalization.

Number of episodes and time steps

To obtain a data point, we run our algorithm on 100 episodes of Trapper-Dynamic
with the same initial settings. For each initial setting, we collect 10 data points

and plot the average and standard deviation on the resulting graph. We ran all our
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experiments over 500 time steps in MuJoCo.

Metrics and ‘Solvable’ episodes

For each data point, we collect two different metrics: (1) the success rate over all
100 episodes, and (2) success rate over all ‘solvable’ episodes of those 100 episodes.
To determine if an episode is solvable, we use an oracle ETA network, which knows
the exact amount of time it takes from the initial arm location to reach every point
on the table. We first get the oracle trajectory, and then, observe if the arm can
reach any point on the trajectory before the ball reaches the same point. If this is
possible we say the episode can be solved, that is an episode is solvable if e; < ¢, where

€ = PgTA(SRa 3?)-

5.4.3 Results on Trapper-Dynamic

Our results are visualized in Figure 5.4. Except for cases where the ball barely moves
(velocity < 1.5 or friction > 5), both our models outperform the target pursuit baseline
by about 20%. In the target pursuit approach, the arm trails behind the ball, and
because the arm moves slower than the ball, it never catches up. Our approach
accounts for this by moving towards a future location, saving time that might have
been spent following the ball. This allows it to reach certain locations before the ball.
As the ball gets faster, the value of ¢ has to be more accurate; this is why we see our
success rate fall when we increase speed or decrease friction.

The results of ‘oracle trajectory’ and our predicted trajectory are similar across
both the RL and the IK static planner, except for high-velocity episodes utilizing
the IK planner where using the ‘oracle’ trajectory is better. This is potentially
because the inverse kinematics solvers are more exact and can benefit from very
precise trajectories. However, since the results are still relatively close, we can infer

that accurately synchronizing the arm’s timing with the ball is the difficult part of
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Figure 5.4: Success rates for our Trapper-Dynamic environment. On the top we show the
results for initial velocities between 0 and 5. On the bottom we show results for friction loss
between 0 and 10. On the right are the success rates for both experiments for episodes we
deem solvable. On the left are the success rates for the experiments over all episodes.
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the problem. In other words, noise in the trajectory prediction (or §) is not very

significant as long as the overall predicted direction is correct.

5.4.4 Results on Dynamic FetchReach

To compare our approach to a recent state-of-the-art reinforcement learning algorithm,
we run our preliminary set of experiments on a dynamic version of the FetchReach
environment. This is one of the environments used by [32] to evaluate Dynamic Hind-
sight Experience Replay (DHER). This task is much easier than Trapper-Dynamic
because there is no friction, and there are no collisions. As can be seen in Fig-
ure 5.5(right), our approach significantly outperforms [32]. At the largest gap, our
approach outperforms it by almost 60%. This demonstrates that our approach can
easily be successfully applied to other environments. Note that we were unable to get
any recent state-of-the-art approach for dynamic tasks work on our Trapper-Dynamic

task.

5.4.5 Ablation Analysis
RL vs. IK Static Planners

We evaluate the differences between the RL and the IK static planners for our task.
Given our current setup, the IK planner outperforms the RL planner by ~20%. The
key challenge for solving Trapper using RL was finding a static policy that could
change its target location mid episode. We anticipate that the RL policy not being
agile enough to change target locations explains a large percentage of the gap between
the two planners. However, we still see value in experimenting with the RL planner.
One advantage is speed, the RL planner takes <1ms to find the next action, while the
IK planner takes ~15ms. Additionally, the RL planner is better able to recover from

a variety of failure modes. E.g., if the box hits the table and/or misses the ball, the
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Figure 5.5: (left): A visualization of when re-plans occur during an episode. (right):
Success rate of our algorithm as well as the DHER [32] algorithm on a dynamic version of
the FetchReach environment from OpenAl Gym [5]. We evaluate both methods for different
velocities of the ball.

RL planner has learned to lift the arm and try again, but the IK planner is unable to

recover.

Timing Analysis

Since the entire episode occurs in < 2sec, the timing of the entire planning process is
important. When the re-plan strategy is fixed, it leads to 13 re-plans over the course
of a 500-step episode (visualized in Figure 5.5(left)). On average the intermediate goal
search takes 35ms running on 1 GPU, which includes 4 forwards passes of the ETA
network, 1 forward pass of the Trajectory Network, and all of the data processing
required to find the target location. Given these numbers, we can see that our
algorithm uses an appropriate number of re-plans and that re-planning at each time

step is too slow for this task.

5.5 Conclusion

We presented an approach to adapt static models to work with dynamic targets. Our
approach is intuitive, easy to implement, and can easily be adapted to newer envi-

ronments. We showed that we could synchronize the timing between a moving target
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object and a moving robot, which has has not been widely studied in learning-based
robotics. Results demonstrate that the approach generalizes to different environment
parameters and that our approach can work with noisy future predictions.

Acknowledgements: This project was partially funded by DARPA SAIL-ON pro-
gram (W911NF2020009). AS would like to thank James Davidson and Rahul Suk-

thankar for helpful early discussions.
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Chapter 6

Future Work and Conclusion

6.1 Keypoint Based Reinforcement Learning

Building on my work in few-shot reinforcement learning and state representation
from Chapter 4 and Chapter 3, I will explore how these methods can be combined
to enable the deployment of WayEx in a real-world robotic setting. A key challenge
in the original formulation of WayEx was its reliance on privileged state information
available only in simulation to compute the distance between two states. In the real
world, this distance is difficult to measure accurately, as comparing image features
lacks the precision required for WayEx to function effectively. However, it is feasible
to compute the distance between two sets of keypoints, which may provide a practical
alternative.

We propose a method that seamlessly integrates the approaches from both papers
by using P3-PO features to train a reinforcement learning model with the WayEx
reward function. To enable generalization across different object locations, we represent
the state as a graph of keypoints rather than using the keypoints directly. In this
graph, edges encode the pairwise xx, yy, and zz distances between keypoints. This

graph-based representation introduces translation invariance, as it captures the spatial
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relationships between objects rather than their absolute positions in the frame.

6.2 3D Based Keypoint Representation

To strengthen the keypoint-based representation, it must be made more robust to
occlusions of both objects and the robot—Ilimitations that the current setup cannot
adequately address. One potential solution, particularly when using multiple cameras,
is to construct a 3D point cloud and perform tracking in 3D rather than 2D. This
approach would likely mitigate issues caused by occlusion. However, 3D tracking
would likely be both computationally intensive and time-consuming. Moreover, there
are limited current computer vision methods that track directly in 3D space.
Another way to improve robustness to occlusions is to track the same keypoints
across multiple cameras, as described in P3-PO, and develop a consensus-based
approach for determining their locations. With this method, even if a point is
occluded in one or two views, it can still be reliably tracked using information from
the remaining cameras. Furthermore, this approach allows for correction of the point’s
location in views where it was previously occluded, enabling those cameras to resume

contributing to tracking once the point reappears.

6.3 Learning From Humans

Finally, I will extend the work presented in this paper to develop an improved training
pipeline for learning from human demonstration videos. I hypothesize that keypoints
in human videos can be tracked similarly to P3-PO, with the human taking the
place of the robot. However, unlike P3-PO, this approach cannot rely on access
to the actions taken between states, as the human and robot action spaces are not
directly comparable. This limitation motivates the use of keypoint-based reinforcement

learning, which enables learning from state-only observations without requiring explicit
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action labels.

We hypothesize that collecting multiple demonstrations, rather than relying on a
single one as in WayEx, could significantly accelerate training by enabling a denser
and more informative reward structure. If these demonstrations are provided by
humans, the data collection process becomes much more scalable and cost-effective,
as it eliminates the need for labor-intensive teleoperation. By gathering a diverse set
of "optimal" states from human demonstrations, we should be able to train a robot to

perform the same task efficiently and with minimal supervision.

6.4 Conclusion

In this thesis, we explored a range of approaches to address the current limitations
in robotic learning. In Chapter 2, we investigated the use of a generative model for
representing human poses invariant to the camera pose. We found that this model
performs well for both interpolation and extrapolation of pose. However, we also
observed that many pose representation methods are prone to overfitting to specific
datasets, making it challenging to generate poses outside the distribution of the
training data. To mitigate this, we found that incorporating synthetic data can help
improve generalization and reduce overfitting.

Chapter 3 explores an alternative approach to state representation in robotic
environments. Unlike the more human-centric focus of earlier work, this chapter
centers on simplifying environmental representations to enhance the generalization
of robot policies. We found that by significantly reducing the complexity of the
state, we could substantially improve policy performance. In comparison with other
generalization focused methods such as point cloud based approaches our method
achieved improvements of over 70%. This work also highlights the advantages of a

keypoint based representation over purely image based policies, which tend to be more
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sensitive to factors like lighting changes and background clutter.

In Chapter 4, we addressed the difficulty of training policies efficiently via re-
inforcement learning. Many existing RL methods are either prohibitively slow to
train or require so much expert supervision that they become indistinguishable from
imitation learning. Additionally, many approaches depend on hand-tuned reward
functions, which are often hard to define, especially for real-world tasks. In contrast,
we propose using expert demonstrations in combination with a sparse reward to define
a more general and scalable reward mechanism. While most prior work assumes
access to both states and actions, we focused on learning solely from expert states,
a critical step toward learning from human demonstrations, where action labels are
typically unavailable. We hope this work inspires further research in state-only learning
paradigms.

Finally, we examine how policies developed and refined in controlled lab settings
can be adapted for deployment in the dynamic, unpredictable real world. If a robot
only reacts to changes as they occur, it will inevitably lag behind the environment. In
Chapter 5, we demonstrate how anticipating future events, even with some level of
uncertainty, allows the robot to plan for multiple possible outcomes. This predictive
approach enables rapid reactions, and we show that it is effective enough to stop a
moving object before it leaves the robot’s reachable workspace.

Robotic learning remains an open and evolving field, with many challenges yet to be
solved and numerous promising directions to explore. I hope that the work presented
in this thesis encourages others to broaden their perspective on these problems and

inspires new approaches toward advancing the field.
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