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Abstract

The goal of learning from demonstration or imitation learning is to teach the model
to generalize across unseen tasks based on available demonstrations. This ability can be
important for the stable performance of a robot in a chaotic environment such as a kitchen
when compared to a more structured setting such as a factory assembly line. By leaving
the task learning up to the algorithm, human teleoperators can dictate the action of robots
without any programming knowledge and improve overall productivity in various settings.
Due to the difficulty of manually collecting gripper trajectories in large qualities, successful
application of learning from demonstrations would have to be able to learn from a sparse
number of examples while still providing a high degree of predicted trajectory accuracy.

Inspired by the development of transformer models for large language model tasks
such as sentence translation and text generation, I seek to modify the model for trajectory
prediction. While there have been previous works that managed to train end-to-end models
capable of taking images and contexts and then generating control output, those works rely
on a massive quantity of demonstrations and detailed annotations. To facilitate the training
process for a sparse number of demonstrations, we created a training pipeline that includes
a DeeplabCut model for object position prediction, followed by the Task-Parameterized
Transformer model for learning the demonstrated trajectories, and supplemented with data
augmentations that allow the model to overcome the constraint of limited dataset. The
resulting model is capable of outputting the predicted end effector gripper trajectory and
pose at each time step with better accuracy than previous works in trajectory prediction.
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Chapter 1

Introduction

With the advancement of automation in recent years, robots have developed the potential
to be used in a wide range of applications from everyday cleaning tasks to industrial-
scale assembly lines. Nonetheless, these machines require a specic set of step-by-step
instructions that they must follow to accomplish a task all the while accounting for any
physical constraints and di erent variations of the same task. Even if an experienced
programmer can write a custom script for a speci ¢ task when given enough time, this is
often not feasible when the workers or the users lack the necessary programming knowledge
nor is it straightforward to write for more complex interactions. To enable the average
layman to be capable of teaching the robot without expert coding knowledge, there has
to be an intuitive way to instruct the robot on the steps of a task. In addition, the robot
must be capable of learning exibly and adapting to previously unseen situations rather
than memorizing the exact motions. The collection of randomly placed trash and the
hammering of nails at di erent locations are some simple examples where generalization
would benet. The learning can be done through natural demonstrations by directly
operating the robot and then training a generalized model of the motions based on those
demonstrations [6][13][20][24].

With the introduction of machine learning models, robots can be trained to a high
degree of accuracy while allowing the average worker without any programming knowledge
to provide them with natural demonstrations and context[16]. These robots are then
able to replicate these actions, freeing up human labour in various settings and improving
overall productivity. While some of the current work in machine learning has produced
promising models that perform well across many di erent tasks, these models often rely on
a massive collection of simulated or real-world training sets in the hundreds of thousands of
demonstrations due to their end-to-end nature, converting from multiple modalities such
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as images and languages directly to control output[16]. Particularly for real-world data
sets, their collections can be very complicated and labour-intensive depending on the tasks
involved and can be tedious to collect in large numbers. Our work hopes to provide a
lightweight alternative capable of learning multiple tasks similar to the larger models while
requiring signi cantly fewer task demonstrations.

Chapter 2 will describe the previous works for learning trajectories based on task
demonstrations, some of which inspired the modi cations made to our own model. Chapter
3 will then list and explain our data collection setup, the tools used in the demonstrations,
the data preprocessing methods before the model prediction, and nally our modi cation to
the original transformer model to allow it to predict trajectories. Chapter 4 then performs
an analysis and comparison of the di erent models' performance.

1.1 Motivation

| hypothesize that previous transformer models' large data set requirement resulted from
the need to perform image pose detection or interpret context from languages rather than
strictly trajectory prediction. Hence our goal here is to develop a novel alternative pipeline
and trajectory prediction model that depends on very few demonstrations and can learn
multiple tasks simultaneously. Furthermore by reducing the size of the model in terms of
the parameters, the model can be more easily deployed on older and cheaper hardware.
Doing so will allow a wider range of users without specialized, expensive hardware or
expert programming knowledge to set up customized models for their automated tasks
and improve their productivity.

1.2 Contribution

A summary of the contributions that this thesis made to the eld of deep learning and
robotics is as follows:

" Modi ed the transformer model originally used for language translation tasks to be
capable of predicting gripper positional trajectories and orientations given a scene's
object con guration. This is done through providing information such as task and
object identi ers in addition to their poses from the environment as input to the
model, allowing the model to adapt to the various arrangements.



" Introduced a novel data augmentation for demonstration trajectory inspired by image
augmentation for Convolutional Neural Networks (CNN). This allows for improved
generalization across previously unseen object con gurations and improves the overall

model accuracy.

" The collection and marking of the pick-and-place, water pouring, and hockey shooting
demonstrations used for the training and testing of the TP-Transformer model.

Finally, in the conclusion | provided further instructions on how to potentially imple-
ment other common features such as via-points or force-based feedback control in real-time
on top of the TP-Transformer model, but these were not added due to the time constraint.



Chapter 2

Background

2.1 Movement Primitives

In motor control, movement primitives or motor primitives are related to the muscle activ-

ity involved in motion and make up the structure of complex movements such as grasping
and pouring. By breaking down the demonstrated motion into atomic primitives and un-
derstanding them, these elements can be recomposed into new higher-level motor skills [11].
Furthermore, the primitives can be de ned at di erent levels that consider the kinematic
elements, purely motion-based, or kinetic elements, involving force and muscle control [11].
Additional capability of the movement primitives includes the modulation of motion speed,
following via-points, periodic motions, and extrapolating new con gurations based on pre-
vious demonstrations. Below we provide a background of the popular movement primitive
models that inspired our current work.

2.1.1 Dynamic Movement Primitive

Inspired by biological systems and their complex motor controls, dynamic movement prim-
itive (DMP) is a non-linear dynamical system and can be used to generate complex motor
commands for robotic systems [24]. In addition to the guaranteed convergence to the tar-
get, the algorithm can adapt to changes in the environment in real-time [24]. As there are
many variations of the DMP algorithm such as Orientation and Periodic DMP, the one
described next will be the base discrete DMP model encoding discrete point-to point mo-
tions [24]. The components of the classic discrete DMP include a second-order dynamical



system where the rst term of the equation is an attractor term pushing the current trajec-

tory position y towards the goalg. , and , are the learning parameters controlling the

attractor's behaviour. The z term is the rst-order derivative of y times or the current

velocity. The second term hax as the phase variable for the stage of the trajectory and

as a function of the linear weighted basis function that allows for a complex trajectory

as can be seen in Equation 2.2. Alternatively, the basis function can be modi ed to be

sinusoidal to allow for rhythmic motion such as swiping. The number of weightd allows

the resolution of the trajectory to be ne-tuned according to task complexity. Finally, the
term in all the equations modulates the time or the speed at which the phases change

and the corresponding speed of the trajectory motion [24].

To learn the weight values, the example demonstration's trajectory and its correspond-
ing derivatives with respect to the time are needed. Then Equation 2.1 is rearranged to
approximate the weights inf (x). The weight learning process can be done through Lo-
cally Weighted Regression in which thé (x) is broken down into a basis matrix and weight
vector component, where the weight values are updated iteratively [24].

z= (9 y) 2+f(x)

y=12 (2.1)
X= xX
_ 'N:1 W, (X)
f(x)= PH——- (2.2)
iz (X)

2.1.2 Task-Parameterized Gaussian Mixture Model

To exibly adapt to di erent object positions, the task-parameterized Gaussian mixture
model (TP-GMM) [6] models the local trajectory relative to the objects within the scene.
The task parameter in this work refers to the con guration of the objects or the state of the
environment. In this case for thg th out of of all P reference frames at time, b; represents
the center of the object andA¢; is its corresponding transformation matrix. Beginning
with the global trajectory data represented by ., it is converted into the corresponding
relative trajectory X E” in the j -th local reference frame using the transformation Equation
2.3. Ak-Component Gaussian mixture model of the local reference trajecto)§/§” for the

j -th reference frame can be learned by tting the mixing coe cient ;, the mean )
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(i)

and the covariance matrix |

maximization algorithm [6].

for all componentsi = 1;2;::;; k through the expectation-

The resulting normal distribution from each reference frame containing the variability

and correlation from multiple demonstrations,’\t(fi), at the estimated trajectory point "f”

can then be combined as a product of Gaussian as shown in the Equation 2.4 [6]. The cer-
tainty of the trajectory from a particular local reference frame is re ected by the variability

of that distribution's covariance matrix. The nal probabilistic encoding of the trajectory

at time t for componenti, N (’\t;i ; ’\t;i), from multiple coordinate systems is most in u-
enced by the local frame with the highest trajectory certainty. As a result, the work's use
of multiple local reference frames can adapt to unseen con gurations of the task parame-
ters by aggregating multiple predictions and guaranteeing that trajectories are accurately
following segments that have highest level of certainty. For example, demonstrations for
tightening nut and bolt would consistently see the gripper approaching and staying near
the local reference of the nut for the nal segment of the motion trajectory.

With algorithmic runtime independent of the number of demonstrations, Gaussian
mixture regression of the trajectory can then be conditioned on the continuous timestamp
t which gives the distribution shown in 2.5. This is done through modelling the joint
distribution of input dimension (i.e. time or the state of environment for |) and the
output dimensions (i.e. position, velocity, joint angles, etc. for °) with K-component
GMM [6].

X gj) = At;jl( ¢ by) (2.3)

N2 .
i ()
N (At;i ; At;i) = N (AE;Ji); At;i

j=1

A x Al) 1 1
ti — t;i
-
o (2.4)
A _ A A0 1AG)
ti Tt ti ti
i=1
A ) ()
ti — At;i i Alj
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2.1.3 Probabilistic Movement Primitives

Similar to the TP-GMM model, the Probabilistic Movement Primitives (ProMP) model
also aims to provide a probabilistic way of learning from demonstrations and sampling new
trajectories [20]. The trajectory model represents the demonstrations as a multivariate nor-
mal distribution from which compact representations of the learned trajectory or weights
w can be sampled from. The distribution of the weightv is modelled by the Gaussian
distribution p(wj ) where consist of the learned parameters mean vector,,, and the
covariance matrix, , [20]. The weight is then multiplied by a matrix of time-dependent
or phase-based Gaussian basis functions as seen in 2.6, where,(t) is the k-dimension
time-dependent basis function for each of thB output dimensions, to generate the mean
of the trajectories and its corresponding time-varying covariance matrix [20]. The mod-
elling of the covariance allows the model to better learn trajectories for demonstrations
conditioned on the weight for a total ofT time steps and its probability function is shown in
Equation 2.7. Finally, the conditional probability for given the learned task parameters
or the likelihood of the trajectory is shown in Equation 2.8.

In addition to modelling the position and velocity of the gripper, the model is also
capable of modelling the periodic/rhythmic motions by including separate Von-Mises basis
functions, modulating via-points, adjusting velocity, and blending movement primitives
[20]. The coupling between the di erent degrees of the joints can also be accounted for by
adding or removing the non-diagonal basis functions in the matrix [20]. this can be done
at the cost of requiring signi cantly more demonstrations for learning the parameters.



t= : (2.6)
0 o (1)
PCW) = NG Wi ) 27
ye= fw+
Z
p(§ )= p( jw)p(wj )dw (28)

2.1.4 Kernel Movement Primitives

The Kernel Movement Primitives (KMP) method attempts to combine the work of ProMP
and TP-GMM by replacing the prede ned basis functions with kernel functions [13]. The
local-KMP version of the algorithm is capable of learning trajectories in the local refer-
ence frames in the manner of TP-GMM through the use of the coordinate transformation
represented byA ® and b for reference framep. These modi cations allow the model
to leverage the extrapolation capability while providing an improvement over the ProMP
algorithm.

The major additions over the previous works include [13]:

A

Learning a probabilistic representation based on multiple demonstrations.
" Adoptions and superposition of multiple trajectories.

" Generalizing to extrapolated trajectories.

N

Better performance when given high dimensional inputs by replacing basis functions
with kernel functions.

The algorithm minimizes the KL-Divergence objective function between the trajectory
distribution given the weight distribution from ProMP, Py( js,), and the trajectory distri-
bution based on the Gaussian Mixture RegressioR,( js,), conditioned on thes, input,
typically time. This is shown in Equation 2.9 wheren is the order in the trajectory, is the
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output trajectory, and , = (S,) Is the same basis function matrix as described in the
Probabilistic Movement Primitives subsection. The conditional distribution equations are
from the ProMP and TP-GMM algorithm with time-driven input as shown in Equation
2.10.

Z

Dic (Pal SIP(Jsr) = Pol isn) log(21=) 29)

Pr(isn)= N( % "n)
Po( jsn) = N( ] In wo |n w n)

Then by using the property of two Gaussian distributions under KL-divergence, the
resulting objective function can be broken down into mean and covariance minimization
problems which optimizes the mean , and , of the parametric trajectory distribution
[13]. The scalar > 0 is introduced to regulate the penalty termjj jj? in the mean
minimization problem 2.10. In short, the optimal parameters can be derived through
Equation 2.11. The two separate equations can then have their original basis functions
replaced with kernel functions by de ning the kernel as shown in Equation 2.12. Lastly to
generate the trajectory given the inputs , the expected output,E( (s )), is calculated from

(s)! ,, and its corresponding covarianceD( (s)), is calculated from (s)! |, (s)
[13]. The nal equations of the expected mean and covariance after replacing the basis
functions with the kernel functions are shown in Equation 2.14.

(2.10)

W= (e
CIN( eyt (2.11)
k(sis)= () () 3
k(sl, s1) it k(siisn)
9 E g (2.12)
k(sN,sl) oo k(snisn)
=[ (s1)::: (sn)]
= blockdiag " 1; 1" n) (2.13)

= [l Al
k =[k(s ;s1);:k(s ;sn)]

9



E((s)=k(K+ )*

D ()= Nk(s:s) k(K+ )k (2.14)

2.1.5 Task-Parameterized Probabilistic Movement Primitive

The task-parameterized probabilistic movement primitive (TP-ProMP) model makes use
of the same local reference frames from TP-GMM and expands upon the ProMP model
[33]. In comparison to KMP, TP-ProMP uses basis function rather than kernel functions
and Maximum A-Posteriori to estimate the parameters rather than KL-Divergence. One
of the problems that TP-ProMP addresses is mode collapse where multiple variations of
accomplishing the same task with identical task parameters lead to the model generating
poor trajectories. For example, if there is the option of pouring from the left or right
side of a cup, the model trained on such demonstrations would generate the mean of the
demonstrated trajectory even if it is not a valid option. For training and testing, the TP-
ProMP uses a set of common household tasks and actions such as pick-and-placing teabag,
pouring water, shooting puck into a net, and sweeping trash [33].

Now we will summarize the structure of the TP-ProMP model in this section. As with
TP-GMM, The starting pose and position of the objects are represented as; and b;
respectively and are also used for converting between the object reference frame and the
global reference frame. Based on the concatenated trajectories, shown in Equation 2.15,
from each local reference frame®2 RPR T where theD is the number of dimensions being
modelled,R local reference frames, and time steps, a ProMP model is tted [33]. Given
M = DR, the ProMP learns a weight distribution forw with the weight parameters , for
the mean weight, ,, for the weight covariance, and for the trajectory covariance which
can then be used to replicate °in combination with the M -block basis function matrix

¢ from Equation 2.7. This gives the trajectory probability conditioned on learned weight
parameters as can be seen in Equation 2.16 where the trajectory mean and covariance

. at time t can be split by local reference frame. Combining the Gaussian product of
the local reference trajectory estimates as in TP-GMM yields the optimal trajectory points
and corresponding variance.

To deal with mode collapse, TP-ProMP must also be able to di erentiate the variations
in weight valuesw for their corresponding trajectory. This is done by breaking the model
training down into two steps. The rst step involves clustering theN demonstrations
into C groups with a Gaussian Mixture and learning the distribution parameters through

10



expectation-maximization [33]. The second step takes the clustered demonstrations and
separately trains an individual model for each variation using the previously learned cluster
parameters, i.e. ,,, w,and , as the initial parameters to aid in further training [33].
These individual models can then be separately sampled according to the mode of the
action.

The work also introduces the paired-object reference frame in which local reference
frames are centred at the source object but the local x-axis is pointed toward a target
object [33]. This is useful for situations where directed motion is required for a task, for
example in a puck shooting task where the puck must be launched along the local x-axis
relative to the net. These modi cations allow the TP-ProMP model to tackle a variety of
tasks at the cost of additional computation time.

0_— fX gT:
_ (1;tl @ . SR oo (R) (2.15)
Xi= (xl;t,...,xD;t,...,xl;t 1 XDy
Z
PX gw) = N(X4 tw; IN(Wj o w)dw
=NXd ;o) (2.16)
t = l W
_— { w tT
7 O.en. (R)
2t [ t ! ' t;
@ .0
:2 o _ g (2.17)
0 R)

2.2 Deep Learning

Deep learning has shown broad applicability in elds ranging from image recognition to an-
swering complex inquiries. With modi cations to model structures and data pre-processing,
these algorithms have demonstrated the incredible ability to successfully perform various
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narrow tasks much more pro ciently than their human counterparts such as in the case of
playing Go, an ancient board game[25], and video games. Yet despite their super-human
ability, their internal working remains mostly a mystery and are prone to adversarial at-
tacks [32]. This part will explore the use of deep learning algorithms in robotic-related
tasks and describe their advantages and shortcomings.

The most basic blocks of deep learning models generally consist of neural network layers
of learned parameters. The basic fully connected (FC) layer or multi-layer perceptron
(MLP) can be represented as a matrix of weights where each of the output neurons is
connected to each of the input neurons by a row of learnable weights. To mimic the
working of the biological neural process, non-linear activation functions are added between
the layers to determine whether parts of the input are important enough to be " red" or
passed down to the next layer, leading to the learning of complex relationships between
various features. Dierent models such as the Convolutional Neural Network (CNN) [15]
commonly applied to image tasks mainly dier in the type of connections between the
di erent neurons of each layer. In general, the deeper the layers of the model the better it
is at learning and processing a higher level of abstraction.

The actual learning of parameters in deep learning is achieved through the application
of the chain rule and the back-propagation of errors [22] and can be done in multiple ways.
Supervised learning maps out the relationship between the input and the output values and
learns using the error between the ground truth and the model prediction. This method
requires the target value of the data set to be labelled or collected beforehand and is useful
for predicting categories or values that may otherwise be di cult to determine. A method
commonly used in robotics, reinforcement learning relies on a feedback reward system and
environmental observations to nd the optimal action required to maximize the expected
reward [27]. The reward can be whether the agent accomplishes a task while following the
physical constraints. While this may make reinforcement learning appealing for robotic
tasks, it is often not straightforward to de ne the reward function for complex tasks and
requires extensive testing and training in the real world.

2.2.1 Transformers

Originally applied to learning language tasks such as translations and sentence completion,
the transformer model has recently seen its application to general robotic control tasks [29].
The transformer model is an improvement over previous state-of-the-art Recurrent Neural
Network (RNN) [23] and long short-term memory (LSTM) neural networks [12]. These

are sequence-to-sequence models capable of processing a sequence of inputs and output
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another sequence, for example, converting sentences from English to French. This is done
through an encoder and a decoder component with the original sentences passed through
the encoder and the targeted translation generated by the decoder. In the transformer
model's case, this is done through the use of the attention mechanism [29]. Individual
layers of the model's encoder and decoder contain the attention mechanism which processes
sequences of embedded vectors each representing a word. This mechanism allows for each
word in the sequence to attend to all other words in di erent ways depending on the type

of relationship such as whether an adjective describes a particular noun or the object a
pronoun refers to. The resulting output therefore encodes higher level relationships between
the elements and is useful for understanding the overall context.

How the attention mechanism learns the relationship between the word tokens is by
rst linearly mapping them into their corresponding key K , query Q, and value vectors
V. The level of attention between a word token and all other words in the sequence is
mapped out by the dot-product of that word's query and the keys of all the words in the
sequence. A softmax function is then applied to the scaled dot-product to generate a set
of corresponding weights for each value element in the sequence as shown in Equation 2.18
wheredy is the dimension of the key embedding [29]. The weighted sum of the value tokens
is then combined to generate the nal output,x, for the query token, which is then passed
to a feed-forward layer,FFN (x), as shown in Equation 2.19 wher&V ; and b; are the
matrix weight and the vector bias [29]. The outputs, each corresponding to a query token,
are then combined to form the output sequence which is then passed to the next attention
block.

|

Attention (Q; K; V') = softmax (S%W (2.18)
k

FEN (x) = max(0;xW 1+ b))W ,+ b, (2.19)

The decoder takes the contextual information and generates the next translated token
based on the translation so far. This is done with the cross-attention mechanism which uses
the same attention structure but combines the key and value output sequences from the
encoder with the query sequence from the decoder. A mask can be added to the decoder
to hide the tokens that follow the current token to make the model auto-regressive.

Compared to RNN which must generate hidden states for each word before the next
word can be processed, the transformer can process all the words in parallel which results in
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faster training speed and the ability to work with long input sequences [29]. As a result in
recent times, transformer models have replaced RNN and LSTM as the state-of-art model
for various tasks involving sequence prediction. Below we will introduce some promising
transformer models used in robotics-related tasks and address their shortcomings when it
comes to their practicality for learning from demonstrations.

2.2.2 Gato

The main goal of the Gato model is to train a single generalist agent, through o ine
supervised learning or reinforcement learning, capable of learning a vast array of di erent
tasks pro ciently and leverage that knowledge to learn new tasks with a minimal number of
demonstrations [21]. The Gato model structure consists of a decoder that auto-regressively
predicts the distribution of the next discrete token, either as texts or agent actions, given
the inputs so far. The actions can then be fed to the agent to generate the next set of
observations from the environment and repeat the process.

The tasks introduced in the paper include dialogues, captioning images, playing Atari
games, navigation, and, more relevant to our work, stacking objects with robotic arms.
For the model to be able to accept di erent modalities of data including images, discrete
button presses, continuous inputs, text, and joint torque, the raw input must be converted
into machine-interpretable vectors. This is done through the tokenization of the various
input modalities and ordered into a sequence of embedded tokens acceptable as inputs to
the decoder [21].

To test for skill mastery and generalization, the Gato model is applied to a simulated
RGB Stacking robotics task and the same real-world stacking task using a Sawyer robot arm
[21]. The setup uses 128x128 camera images and the robot's joint and poses information
to stack red blocks on top of blue ones while ignoring the green blocks [21]. While Gato
is capable of performing competitively on the stacking benchmark, the requirement of
up to hundreds of thousands of simulated and real training data sets is not feasible for
more practical applications where human-collected demonstrations are the only data sets
available and are sparse in quantity.

2.2.3 RT-1
Similar to that of our works, the goal of the Robotic Transformer (RT-1) is to train a model

that can learn from a large, task-agnostic data set such that it exhibits generalization
capabilities such as zero-shot learning and adaption to new environments [5]. To facilitate
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this process, the RT-1 model must be capable of inputting images and instructions and
then outputting the corresponding discrete robot actions and poses. The main model
components that permit this capability include a FiLM E cientNet [28], a TokenLearner,

and a transformer. To preserve the e ciency of the model, the images are tokenized through
the pre-trained E cientNet while conditioned on the language instruction embeddings from
the FiLM layer which are interweaved between the convolution blocks [5]. TokenLearner
then further compresses and sub-samples the output of the E cientNet into a smaller
sequence of tokens. Finally, the decoder-only transformer combines the tokens of all images
and produces action tokens which are then discretized.

With a total size of 35M parameters, the model is trained on a broad range of tasks
collected using a mobile manipulator arm with 7 degrees of freedom within di erent kitchen
settings [5]. The number of real-world, human-collected demonstrations is around 130k and
each demonstration has to be labelled with a description of the task that was performed
[5]. The model is capable of generating output at 3Hz as a result of its large size, which is
far slower than the Movement Primitive models from previous subsections. Nonetheless,
the evaluation shows that the model has a high success rate and generalizes well to new
tasks and environmental variations.

2.2.4 PalLM-E

Similar to the Gato model, PaLM-E is a single generalist large language model for embodied
language tasks that attempts to plan step-by-step instructions for robotic manipulation
tasks based on visual information, the robot's state, and text embedding inputs. The
model di ers from the original Pathways Language Model(PaLM) which is trained purely
for natural language tasks [8]. To be able to process visual data, Vision Transformer (ViT)
is added to PaLM-E to convert image data into token embeddings [10]. The output is
generated in the same manner as Gato in that PaLM-E is a decoder LLM that accepts
inter-weaved prompts from multiple modalities and outputs its corresponding completion
auto-regressively. Applications of the model include creating jokes based on given images,
processing written math calculations, and comprehending visual-question answering tasks.

The work seeks to combine the model's interpretation of the text with the robot's
sensory inputs such as joint con gurations and visuals by converting them into embeddings
in the same space as the language token [10]. This would allow the model to successfully
solve tasks where the visual of the environment and state of the agent is important. The
embedded instructions output can then be returned as the answer to the scenario or be
used to condition the low-level policy handling the robotic motion control. By training
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on multiple tasks similar to Gato, the model has shown the ability to perform one-shot or
zero-shot generalization to a previously unseen combination of objects or object types.

To complete the pipeline from the raw inputs to controller output, a low-policy control
is required to convert the intermediate step-by-step instruction into the control actions.
For example, the Interactive Language model [16] can map text commands and state to
robotic action by training a conditional policy. This may involve simultaneously ne-
tuning the parameters of both high and low-level policies which is di cult. Furthermore,
the model faces the same problem as Gato and requires to be trained on a massive 600,000
demonstration dataset. The collection involves the operator continuously performing var-
ious tasks and then manually adding hindsight annotated labels to the relevant segments
of the data.
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Chapter 3

Methodology

3.1 Introduction

This chapter will go into detail about the components that make up our pipeline and the
rationale behind our decisions. The rst section will talk about the tasks and the data
collection involved. The second section will describe the data preprocessing that allows the
model to process the relevant input information and helps to facilitate the model training.
Finally, the last section will lay out the modi cations made to the original transformer
model to generate trajectory predictions.

3.2 Data Collection

3.2.1 Tasks

To thoroughly test the capability of our model, we collected demonstration from a set
of tasks with varying levels of trajectory complexity. The same tasks are used for the
training of the TP-ProMP model and include pick-and-placing teabags, pouring water
from a pitcher, and shooting puck [33]. The data set is collected over the period of roughly
two months after the setup of the task environment was completed. Figure 3.1 below shows
the setup for each of the tasks.

The pick-and-place task consists of gripping the teabag with the tips of the gripper
from the teabag holder and carrying it to the top of the cup before releasing it. This task
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mainly tests the model's capability to follow the position of the gripper from the starting
position to the end target and to generalize to di erent object positions. This is followed by
the more complex pouring task which requires signi cant changes in the orientation of the
gripper during the demonstration and depends on the direction the pitcher is approaching
the target object. The pouring water task involves the gripper grasping the side of the
pitcher, moving to the cup, and pouring the liquid content into the cup before placing the
pitcher beside the cup. Due to the potential hazard of working with liquid near electronics,
we use grains as a rough representation of the water. Finally, the shooting task requires
the gripper to launch a puck object, randomly placed in front of the net, directly into
the net while holding a mini hockey stick. This task requires the model to learn to shoot
the puck in the direction of the net at a su cient speed and be able to generalize to the
various starting positions of the puck. These tasks test the model's ability to learn distinct
movements that are likely to be part of any realistic task and allow the model performances
on each movement type to be separately measured.

The total number of demonstrations collected for each task is separated into 30 training
demonstrations per task and separate sets of validation and test sets consisting of 5-8 demos
per task. Here the training set is used for the training of the model, the validation for
nding the optimal hyperparameters, and the test set for the nal model accuracy and the
performance comparison.

3.2.2 Hardware

This subsection will describe the physical setup involved in the collection of the demon-
strations, the hardware used, and the procedures for operating the hardware.

Essential to the manipulation of the objects in the scene is the robotic gripper unit
previously developed for a naturalistic grasp demonstration system [19]. The unitis directly
connected to the computer via a cable to allow the gripper's control to be programmed.
The opening and closing motion of the gripper and the corresponding force of the grasp
are controlled by a human operating a joystick. The start/end and success/failure of a
demonstration are also recorded with the use of separate button inputs on the joystick,
with the success button saving the demonstration and the failure button discarding it.
To mimic the natural motion of a human grasp, the human operator directly holds and
controls the gripper via a handle.

The position and orientation of the gripper are tracked through the NDI Polaris Optical
Tracking System with two separate sets of re ective markers mounted on the gripper. Each
set of markers is mounted at di erent positions to ensure one set is always facing the optical
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Figure 3.1: Real world task setup for pick-and-place(top), pouring(middle), and shooting
puck(bottom).

19



tracker throughout the duration of the demonstration. Nonetheless, not all orientation of
the gripper is possible due to either obstruction by the human hand or poor angles. The
NDI tracking system is also connected to a separate computer that record the trajectory
and detects when the markers are visible.

In addition to recording the gripper trajectory data, image data is also required to
detect the position, orientation, and type of the objects in the scene. This is done through
a ZED2 stereo camera connected to the desktop in order to record a continuous stream
of video frames. The camera is calibrated with a printed checkerboard to ensure that
the marker estimations will be accurate. The left and right eye stereo images for the
demonstrations are collected at 1080p resolution which is required for depth perception
after further processing. The camera is mounted overhead on a frame and all relevant
object manipulations are performed within the view of the camera. Both the NDI optical
tracking system and the stereo camera are synchronized and capture a frame every 0.08
seconds or 12.5 frames per second.

The TP-Transformer model was trained on an RTX2080TI graphics processing unit
(GPU) with Intel Xeon Bronze 3106 CPU 1.70GHz. In addition, the DeepLabCut im-
age processing and labelling described in the following subsection was also performed on
the same hardware [17]. While it is recommended to have similar hardware, lower-grade
hardware would likely still work as the TP-Transformer model is fairly lightweight.

Other items used in the collection of the task include cups, a single pitcher, a teabag,
a hockey puck and stick, and a net. All of the objects can be in the Figures 3.2 and 3.3.

3.2.3 Object Pose Estimation

DeepLabCut [17] is used for visual labelling and predicting the 3D position of the object
markers trained on sample images manually labelled by our group as can be seen in Figures
3.4 and 3.5. This is done by rst uploading the videos of the demonstrations and then
selecting distinct frames for labelling algorithmically or through visual inspection. The
markers are then placed on the distinctive parts of the object that can be consistently
pinpointed with a high degree of accuracy and are visible for most of the time, such as
the intersections of the handle to the main body of the pitcher, the pitcher's pouring tip,
or the sharp corners of any object. Then through the use of DeepLabCut3D, the raw
camera images can be combined to triangulate the depth of the marker and predict the
3D positions of each point in the camera coordinate system. Multiple points could be
predicted by DeepLabCut that correspond to the same part, and we chose the point with
the highest con dence score [17]. An alternative method using a pre-trained LEAstereo
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