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Learning human activities on-demand based on graph theory
JING ZHANG

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Collaborative robots (Cobots) are designed to work side-by-side with humans, shar-
ing space and skills to achieve common goals. However, as human tasks become
increasingly complex, Cobots must adapt to unfamiliar tasks. Traditional machine
learning methods, while o [ering potential solutions, tend to focus on learning low-
level physical activities. This lack of interpretability makes it di Ccult for humans
and robots to understand and predict each other’s behavior, hindering e [edtive col-
laboration. In addition, machine learning methods rely heavily on human demon-
strations, limiting the robot’s ability to generalize to new scenarios.

In this work, each task (e.g., putting a spoon in the drawer) can be segmented into
an interpretable activity sequence (e.g., Open, Grasp, Drop, etc.) based on human
activities in real-time. We propose a method that can automatically construct dif-
ferent sequences for di Lerent tasks using a single human demonstration. Given that
human demonstrations can vary and may include mistakes, this method reconstructs
the most representative activity sequence from multiple demonstrations, thus robot
could understand and predict human activities, and this method could extend to
unseen scenarios.

We use a semantic reasoning method to transform low-level data into high-level
concepts understandable by humans. Decision trees are trained to capture spe-
cific activity characteristics defined by predicates, e.g., when a human grasps a
spoon, data about velocity and spatial relations are translated into predicates like
inHand(spoon) as the input of decision tree, then this movement is inferred by
out method as “Grasp”, allowing real-time prediction and segmentation of human
activities into activity sequences even for new experiments. Activities are parame-
terized using ontology knowledge, enabling robots to adapt to various objects and
tasks. If an object, e.g., a bottle, is not inside the ontology, then we use Large
Language Models(LLMs) to categorize the object according to the predefined on-
tology. For instance, both “spoon” and “bottle” belong to the category “Objects,”
making the activity “Grasp” identical in a high-level context. Since humans may
perform the same task in dilerknt ways, de Bruijn graph and sequence assembly
algorithms streamline these sequences by eliminating redundant activities and rep-
resenting repetitive patterns, then reconstructing the most representative activity
sequence by finding a path traversing each edge of the graph. This approach en-
hances the ability of Cobots to understand and predict human activities, thereby
improving their collaboration with humans in dynamic environments.

Keywords: Human-Robot Collaboration, Ontology, Online Semantic Segmentation,
De Bruijn Graph, LLM, Robot Learning
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1

Introduction

1.1 Background

Human-Robot Collaboration (HRC) is de ned by the interaction between humans
and robots within a shared workspace [2] as Figure 1.1 shows, collaborative robots
(Cobots) are supposed to work with humans while sharing information and skills to
achieve common goals. This concept of collaborative work requires that Cobots not
only be able to coexist harmoniously with humans in physical space but also that
humans and Cobots need to understand each other. The rst requirement means
Cobots need to recognize human actions, although traditional Machine Learning
based methods o er potential solutions, they typically focus on learning low-level
physical actions, as Figure 1.2 (b) depicts, robots are good at dealing with sensor
data (e.g., here the data represents the position and orientation of a plate) while hu-
mans prefer high-level abstract concepts in communication, such as understanding
the intention behind knowing a plate's position, like reaching to fetch it. The lack
of interpretability [3] in these sensor data interpretations poses signi cant barriers
when Cobots and humans attempt to achieve e ective alignment and seamless col-
laboration, potentially leading to untrustworthy and even dangerous situations. For
example, imagine a robot wants to help wash a plate, then goes directly to a human
without any human-understandable explanation, it can cause confusion or even fear.
However, suppose robots could interpret data in a manner that is comprehensible to
humans, in that case, it translates data related to the plate to the activity it intends

to achieve, such as reaching the plate, and notifying humans of the activity in an
understandable way, as depicted in (c) of Figure 1.2, this would enable humans to
easily understand the robot and decide the next movement (e.g., approaching the
robot or standing and waiting), thereby enhancing collaboration.

Figure 1.1: Human-robot collaboration in a shared workspace.
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Figure 1.2: Di erent situations when collaboration, the data in (b) represents the
position and orientation of the plate.

1.2 Problem statement

Imagine a situation when two people nished breakfast. Then, both persons need
to collaborate to clean the table. In this work we would like to have a robot helping
with this task. For instance, one person grasps a plate, robot then recognizes this
movement and predicts the next action should be putting it in the dishwasher. This
collaborative e ort allows humans to focus on other tasks. Such task planning can
be learned from humans. Task graph [4] is a commonly used method to model se-
mantic activity and activity transition as Figure 1.3 showed, as long as robot knows
the holistic plan to perform such task, in this example, the activity sequence is
Idle ' Grasp! Put! Idle . Atthe beginning of this example, online segmen-
tation allows the robot to recognize that a human is grasping a plate. Following
this recognition, the robot can predict subsequent activities based on the learned
activity sequence, here the next action is to put it in the dishwasher. This proactive
behavior helps achieve the cleaning goal more e ciently. Since these activities are
semantically de ned, robot can communicate with humans about its intention in
an interpretable way, otherwise it would be hard to understand robot behavior as
discussed in Section 1.1. Task graphs not only provide a clear representation of the
activities but also highlight potential interaction points, identifying moments where
HRC is necessary and bene cial, thereby enabling better collaboration.

Human demonstrations are commonly used for teaching robots to execute tasks.
However, these demonstrations are not always the most e cient or accurate repre-

2
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Figure 1.3: Task graphs for cleaning kitchen table. The right g. shows while
the speci c object can be di erent, the overall activity is the same at a high-level
concept.

sentations of a task. Errors can occur during demonstrations; for example, a human
might accidentally drop a plate, which is an action that the robot should not learn.
Additionally, there is inherent variability in how di erent individuals perform spe-

ci c tasks. Complex tasks may contain repetitive patterns, which further complicate
task graph structure like Figure 1.4. Cycles bring many challenges, including 1) am-
biguity in task sequencing: a cycle between these actions might make it unclear
whether the robot should repeat the sequence, how many times to repeat it, or
under what conditions to move on to the next action. 2) increased complexity in
task representation: representing tasks with cycles requires more sophisticated algo-
rithms for parsing and executing actions because the robot must be able to identify
and manage the repetition. 3) A cycle in task graph may indicate a repetitive task
or a need to retry due to a failure.

Figure 1.4: Human activities and corresponding task graph for storing two objects
in a drawer, weight in the edge represents the transition frequency from one activity
to another.

This thesis aims to bridge the gap between low-level sensor data processing by robots
and high-level abstract communication by humans. It seeks to enable robots to seg-

ment human actions online, translate these actions into high-level concepts easily

understood by humans, and use these concepts to build a graph structure to learn

to schedule tasks e ectively. The main problems can be summarized as:
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1. Online human actions recognition and segmentation from demonstrations.

2. Reconstructing the most representative activity sequence for performing a task
from the task graph and varied human demonstrations.

1.3 Related works

1.3.1 Segmentation and Recognition of Human Activities

Activity recognition in HRC aims to enable robots to understand and infer human
actions. Some work has investigated recognition based on machine learning: Wang
et al. [5] proposed a teaching-learning-prediction (TLP) model, this model enables
the robot to learn and predict human hand-over intentions from natural multimodal
human demonstrations, but it relies on wearable sensors and is limited to hand-over
tasks; Yan et al. [6] proposed a multi-layer stacked deep LSTM model, which im-
proves the recognition accuracy of human intentions by combining the advantages
of single-layer LSTM and deep network structure, but it cannot achieve real-time.
Chen et al. [7] introduce a sti ness estimation and intention detection method us-
ing surface electromyography signals and convolutional neural networks, validated
on four wrist motion operators (up, down, left, right). However, the approach still
needs to incorporate more diverse and complex operators not only restrict to the
wrist information to enhance exibility and performance. Orsag et al. [8] used vi-
sual sensing patterns decomposed into multiple levels, joint coordinates are captured
to form a human skeleton, and human activities are recognized through an LSTM
network. However, some operations will be misclassi ed due to similar motion char-
acteristics, and the LSTM network limits the real-time performance of the system.

Other studies are mainly based on semantic representation. Ramirez-Amaro et
al. [9] proposed a method to extract semantic rules of daily human activities. They
extracted low-level information from sensor data and then inferred high-level infor-
mation by reasoning about human expected behavior. However, their semantic rules
could not describe the spatial relationship between objects, thus limiting their gen-
eralization ability. Vigné et al. [10] use dynamically created state machines based on
semantic facts derived from environmental observations, activities are represented
as sequences of geometric changes in the environment. The proposed system can
recognize activities performed by robots and humans in real-time scenarios. How-
ever, it can only recognize a limited set of actions, speci cally picking and placing,
and is unable to recognize more complex behaviors. [11] proposed an approach that
uses a sub-symbolic data recorder to record the environment and human gaze frame
by frame, and uses prede ned key activity frames (e.g., transport, slide) to detect
and segment tasks. However, these prede ned key frames limit the exibility of
the system, making it di cult to handle activities that do not fully conform to the
prede ned grammatical structure, and also it mainly focuses on simple tasks like
pick-and-place.

4
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1.3.2 Task Graph Representations

Task graph is traditionally used to model states, activities, and state transitions for
procedural tasks [4]. In this context, the procedure planning problem [12] is de ned
as follows: given a current visual observation, and a visual goaloy that indicates

the desired nal con guration, the model should plan a semantic high-level action
sequence to bring the state frone to o,. Mao et al. [4] focuses on actions and their
temporal dependencies, providing a more compact and e cient representation and
improving action prediction accuracy, but the performance is a ected by initial lo-
calization errors in task tracking, which makes it hard to predict the next action and
generate the task plan. These are problems which will be explored in this project.
Existing literature directly encodes video information into state nodes and manu-
ally labels semantic activities [4,12,13]. However, these methods face challenges in
transferring learned activities to unseen scenarios. Zhang et al. [14] used the RL
model to generate the best task sequence in the HRC system and infer the correct
assembly operation, but were unable to handle human repeated operations and the
task allocation was not interpretable. These are problems which will be explored in
this project.

1.4 Goals of the thesis

This thesis aims to enable robots to segment human actions online, translate these
actions into high-level concepts easily understood by humans, and learn to schedule
tasks e ectively, these can be summarized as the following parts:
1. Use predicates and semantic reasoning to interpret low-level data into high-
level concepts for human understanding.
2. Use supervised learning to get the core segmentation tool - decision tree.
3. Perform online segmentation for human actions, such segmentation could be
generalized for unseen scenarios.
4. Collect segmented activity sequences, eliminate activity variations and noise
as discussed in Section 1.2.
5. Reconstruct activity sequence that could represent speci ¢ task execution or-
der most.

1.5 Boundaries of the thesis

1. All experiments were conducted by using Virtual Reality together with Unity.
The choice of VR allows an ideal situation that easily captures all necessary
information without having to deal with challenges related to perception, map-
ping and etc.

2. To simplify the problem, experiments are performed only with one hand.

3. The possibility exists, although very low (nearly %), that an LLM may pro-
vide an unexpected classi cation response.
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4. Current method only contains the high-level task planning part, without any
low-level execution speci city. For example, while the concept of "Grasp" can
be applied to both a spoon and a cup, the actual grasping strategies for these
objects are di erent as a cup can be broken.

1.6 Thesis structure

Chapter 1 introduces the research background, problems and an overview of the
proposed method.

Chapter 2 covers the theory and concepts needed to understand this work, including
knowledge representation, task graph, decision tree, sequence assembly and relevant
graph theory.

Chapter 3 Introduces the proposed methods and gives more details about the whole
implementation process of this work.

Chapter 4 shows the experiment setting, experiments about this system's general-
ization ability and reconstruction results.

Chapter 5 includes a summary and brief discussion of this work.



2

Theory

This chapter covers essential concepts and theories in knowledge representation, de-
cision tree, and sequence assembly. Section 2.1 discusses knowledge representation
and ontology. Section 2.2 explains the structure of decision trees, classi cation crite-
ria, and pruning techniques. Section 2.3, drawing inspiration from DNA sequencing,
addresses sequence assembly and covers topics such as the de Bruijn graph.

2.1 Knowledge Representation

Knowledge representation [15] is a method of substituting real-world objects with
symbols or models, allowing us to reason about the world without taking physical
action. It involves a set of ontological commitments, which de ne the categories
of things that exist and the relationships that can hold among them. There exist
various methodologies for knowledge representation, among which the knowledge
graph (KG) is the most prevalent for depicting real-world entities and relationships
using a graph structure, where nodes symbolize real-world entities or atomic values
(attributes), edges denote relations [16] and statement set. Generally, ontology is
used as KG schemas.

2.1.1 Ontology

In computer science, ontology is a taxonomy used to formally model the structure of
a system through entities and relationships between them [17], and mostly developed
for question-answering and problem-solving applications [18]. Ontology is often
developed using speci ¢ languages designed for semantic representation. The most
commonly used languages include:

" RDF (Resource Description Framework) [19]: A standard model for data
interchange on the web, RDF is used to represent information about resources.

" RDFS (RDF Schema) [19]: An extension of RDF, RDFS provides the rela-
tionships of taxonomical structures.

" OWL (Web Ontology Language) [20]: Designed for creating complex on-
tologies, OWL adds semantics and allows for detailed descriptions of classes,
properties, and relationships between entities. OWL is also based on RDF.

Ontologies provide a structured framework for organizing information and enable
systems to interpret and infer new knowledge, setting the foundation for semantic
reasoning.



2. Theory

2.2 Decision Tree

Decision trees are a popular method in supervised learning for decision-making.
They are used for both classi cation and regression tasks, and even multioutput
tasks [21]. Decision trees can be visualized as a series of nested if-else statements,
making them highly interpretable.

2.2.1 Structure

A decision tree is a commonly used non-parametric supervised machine learning
algorithm used to build prediction models and classi cation models. It is based
on a tree structure and divides the data set into di erent subsets by analyzing the
relationship between data features and target variables to gradually build decision
rules. Decision tree models are intuitively interpretable.

The structure of a decision tree is similar to an inverted tree, consisting of nodes
and branches. The top of the tree is called the root node, and each node represents
a feature attribute or judgment condition. An example is shown in Figure 2.1. The
key components of a decision tree are:

" Root Node : The initial split.

Internal Nodes : Internal Nodes perform tests on one or more attributes and
split the dataset based on the outcome of the test.

Leaf Nodes (Terminal Nodes): Nodes that provide the predicted value (for
regression) or class label (for classi cation).

Branches (Edges): Each branch corresponds to a possible outcome of the
decision rule applied at the parent node, and connects the next node.

N

Figure 2.1: Decision tree example.
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2.2.2 Classi cation Criteria

Starting from the root node, branches are carried out according to di erent feature
attributes until the leaf nodes, which represent the nal prediction results. This
selection aims to achieve the most informative partitions based on speci c criteria.
The most common criteria for classi cation tasks are:
Entropy [21]: The concept of entropy used to describe about uncertainty and
information content. A set's entropy is zero when it contains instances of only
one class. It is measured by the formula:

X0
E(D) = pi log, (p1) (2.1)
i=1
whereD is the dataset,p; is the probability of classi.

Information Gain : A reduction of entropy is often called an information
gain [21]. Give a datasetD, assume where an attributea has V possible

branching nodes are generated, where theth branching node contains all
the samples inD that take the value a’ on attribute a, denoted asD" ,It is
calculated as:

X D]
-1 D]

V=

IG(D;a)= E(D) E(Dja)= E(D)

E(DY) (2.2)

and E(D) is the entropy de ned in Eq. 2.1,E(Dja) is also called as condi-
tional entropy of D given attribute a.

Information gain selects the attribute that maximizes the expected reduction
in entropy from the root node to the leaves. Higher information gain indicates
a more signi cant split.

Gini Impurity  [22]: Indicates the probability that a randomly selected sam-
ple in the set of samples will be missegregated. It is calculated as:

- X,
Gini (p) =1 ¢ (2.3)
i=1
wherep; is the probability of classi. A lower Gini impurity indicates a purer
node, the smaller the Gini index is, the smaller the probability that a randomly

selected sample in the set will be misclassi ed. When all samples in the set
are in one class, the Gini impurity is O.

2.2.3 Pruning

Pruning reduces the size of a decision tree by removing parts of it that contribute
less to classifying instances. Pruning helps prevent the model from capturing the
noise in the data instead of the underlying distribution, i.e. over tting. There are
two main ways of pruning:
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2.2.3.1 Pre-Pruning

Pre-pruning is to consider whether it can improve the performance of the decision
tree during each division during the decision tree generation process. If the perfor-
mance of the decision tree can be improved, it will be divided, otherwise, it will stop
growing, i.e., stopping criteria. This method mainly uses heuristics to deal with
noise during learning [23].

2.2.3.2 Post-Pruning

Post-pruning is to construct a complete decision tree rst, and then check a group
of nodes with the same parent node from the bottom up. Based on certain criteria,
judge whether this group of nodes can be merged into one node. Post-pruning is to
delete some subtrees and replace them with their leaf nodes. The biggest di erence
from pre-pruning is whether the decision tree grows completely. The generation of
decision trees is to learn a local model, while post-pruning is to learn an overall
model. The most common post-pruning methods are:

Cost-complexity Pruning (CCP) [22]: The cost complexity criterion is

de ned as:

C =C(M+ |Tj

where C(T) is the misclassi cation cost of the treeT, T is the number of
leaf nodes, and is used to adjust the balance between prediction error and
complexity, that is, to adjust the tting ability and generalization ability of
the model. Subtrees are pruned if they do not reduce the overall cost.
Reduced-error Pruning  (REP) [24]: The available data is split into two sets
of examples: a training set to form the learned decision tree and a separate
validation set to evaluate the accuracy of the decision tree on subsequent data.
It contains the following steps:
1. Nodes are examined from the bottom up and replaced with leaf nodes.
2. The validation set is used to evaluate the performance of the pruned
decision tree.
3. Pruning is performed if the error of the replaced tree on the validation
set decreases or remains the same.
4. This process is continued until the validation error cannot be reduced
further.
Pruning improves the generalization of the decision tree, making it more e ective
on unseen data by reducing its complexity and preventing it from capturing noise
in the training data.

2.3 Sequence assembly

In genomics and bioinformatics, sequence assembly refers to the process of reassem-
bling short DNA sequence fragments (reads) into longer continuous sequences (con-
tigs) [25]. There are similarities with our task which aims to construct an activity
sequence from activity primitives, as described in Section 3.1.2. The introduction of
de Bruijn graphs [26] provides a method for dealing with the problem of noise and

10
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cycles in graph structures caused by human demonstrations, this has been discussed
in Section 1.2.

2.3.1 De Bruijn graph

De Bruijn graph is a graphical representation method for e ciently processing se-
guence data and is often used to assemble genome sequences. It identi es overlaps
between di erent short DNA sequences (reads), which can be used to reconstruct
longer DNA sequences.

In Figure 2.2, (a) represents a genome sequersas TAGCCAATTGT :::TAGCC
AATTGT. (b) In the de Bruijn graph derived from the sequence in (a), two branches
are illustrated in distinct colors, red and blue. (c) The sequence showcases two
unique streams of strings, with their di erences underlined. (d) For the sequence
in (c), two divergent de Bruijn graphs are depicted, showcasing minor variances be-
tween segments, illustrated by a bulge with dual branches (highlighted in red and
blue). (e) The sequence features a consistently recurrikg mer, kK mers are sub-
strings of lengthk contained within a larger biological sequence, where tike mers
consist of nucleotides [27], here is TAG.

Small di erences between these genome sequences can form so-called bulge struc-
tures in De Bruijn graphs, i.e., small cycles or redundant paths in the graph. In
Figure 2.2, (f) The De Bruijn graph for the sequence in (e) displays the recurring
k-mer (TAG), forming a cycle within the graph.

Figure 2.2: Figure containing De Bruijn graph generated from the sequence, bulge,
and cycle structure represented in the De Bruijn graph.
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Methods

In this chapter, detailed implementation steps are described. Section 3.1 contains
the prede ned ontology, completion method and semantic reasoning. Section 3.3
introduces the task graph. Section 3.3 detailed explains how to get the decision
tree and relevant performance evaluation, pruning and tree selection. Section 3.3.3
includes online segmentation and sequences collection, and Section 3.4 proves the
theory used to reconstruct activity sequence. Section 3.5 shows the whole process
of the proposed system.

3.1 Knowledge Representation

3.1.1 Ontology De nition

Our system tracks three categories of knowledge within the framework of knowledge
representation: object classi cations and relationships, activity classi cations, and
a graph of possible transitions between activities known as the task graph.

As depicted in Fig. 3.1, a pre-de ned ontology has been established. By querying
the current entity's category and its siblings within this ontology, activities can be
parameterized with various entities, enabling a more exible task representation.

However, traditional ontologies rely on preset rules or limited semantic associations
and have diculty in expanding their scope [28]. In this regard, LLMs such as
ChatGPT provide a novel and powerful solution. By pre-training on extensive text
data, deep language structures and rich world knowledge are learned. These mod-
els cannot only generate natural language, but also perform complex reasoning and
knowledge abstraction. Especially when dealing with entities beyond pre-de ned
ontology, LLMs can automatically analyze and assign unseen objects to a category
based on context, thus supporting the automatic completeness of the ontology.

3.1.2 Semantic Reasoning

Building on the structured knowledge provided by ontology, semantic reasoning in-
volves interpreting and deriving logical conclusions from this information. In this
thesis, predicates are used to interpret human demonstrations into understandable
human activities. Based on data collected from the environment such as velocity,

13
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Figure 3.1: Pre-de ned ontology representing the relationships between di erent
categories and entities.

position, and the spatial relationships between the hand and objects, as well as be-
tween objects themselves demonstrations can exhibit many speci c features. These
features are divided into two primary groups: Hand Motions and Object Properties,
as detailed in Table 3.1. For instanceinHand indicates that an object is in hand,
onTopsigni es that an object is on top of another object, andnotionOpendenotes
that an object has been opened.

Activities can be de ned and segmented by these features. For example, given the
following predicate,x and y are predicate parameters:

onTofX;y): X is on top ofy
inHand(x): x is in hand
motionMoving(x): X is moving

N
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Table 3.1: Features used to represent environment state

Hand Motions inHand
Object Properties| onTop  motionMoving motionOpen inside

motionOper(x): x is opened
inside (x;y): x is insidey
If in the current timestep, the set of features is:

:9 yonTogspoony) ™ inHand(spoor) * motionMoving(spoor) (3.1)

the corresponding activity primitive could be labeled asPutSomethingSomewhere
Based on such rules, we can de ne human actions in a semantic and interpretable
way.

3.2 Task Graph

Task graph is traditionally used to model states, actions, and state transitions for
procedural tasks [4]. A task graph is represented as a directed graph, where each
node represents a speci ¢ activity, and edges represent the transition between activ-
ities [29]. One example is shown in Figure 1.3, where edge represents the transition
between two activities, and weight indicates the transition frequency.

3.3 Decision Tree

3.3.1 Training a Decision Tree

The decision tree, shown in Figure 3.2, was trained using data collected from a single
human demonstration by the Classi cation and Regression Tree (CART) [22] algo-
rithm. CART uses the Gini impurity to decide the optimal split point. The process

of selecting the optimal split point includes the following steps: rst, traverse each
feature and test all possible values of the feature, and calculate the Gini impurity
of each value as the split point; second, for each candidate split point, calculate
the impurity of the child node after the split; nally, select the feature that can
minimize the impurity and its value as the optimal split point. The smaller the Gini
impurity, the higher the purity of the dataset, indicating that the split point can
better classify the dataset. According to these rules, starting from the root node,
the dataset is divided into two subsets according to the optimal split point. This
process is recursively performed for each subset until the stopping condition is met
(such as reaching the maximum depth, the minimum number of node samples, or the
gain after splitting being less than a certain threshold). In this work, the dataset is

a single human demonstration collected for the task "put a spoon and vase together
in the drawer", features are derived from predicates as discussed in Section 3.1.2,
each possible value of a feature is encoded to a speci ¢ number. For example, if the
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feature inHand has the value "Drawer," then the encoded number & more details
are shown in Table 3.2. The predictions (i.e., labels) of the decision tree are manu-
ally labeled activities based on a set of predicates, one example is shown in Eq. 3.1.
Di erent paths may eventually point to the same leaf node due to local optimality of
gini impurity and result in the same prediction results. For example, in our decision
tree, in our decision tree, regardless of the path taken through the featureHand

or motionOpen it is possible to ultimately reach the leaf node labeled "Grasp".

Figure 3.2: Decision tree classi er.x andy are potential values during prediction.
Details are shown in Table 3.2.

Table 3.2: Encoded features during the training process. Predicates are de ned in
Section 3.1.2. For example, if the current feature imHand(x) and the value ofx is
"Drawer," then the encoded value of the featuremHand(x) is O.

Feature Feature Encoding
inHand(x) {"Drawer", 0}, {"Nothing", 1}, {"Spoonl", 2}, {"Vase", 3}
onTogSpoortL;y) {"Nothing", 0}, {"Table", 1}
onTogV ase; ) {"Nothing", 0}, {"Table", 1}
motionOper(x) {"Drawer", 0}, {"Nothing", 1}
inside (V ase;y {"Drawer", 0}, {"Nothing", 1}
inside (Spoort;y) {"Drawer", 0}, {"Nothing", 1}, {"Vase", 2}
motionMoving_VasdXx) {"Nothing", 0}, {"Vase", 1}
motionMoving_Spoonx) {"Nothing", 0}, {"Spoon1", 1}

3.3.2 Model Evaluation and Pruning

The classi er achieved an overall accuracy d9% as illustrated by the confusion
matrix and the classi cation report (Figure 3.3). These results demonstrate the
strong performance of our decision tree model. It is important to note that the ac-
tivities primarily describe human activities, particularly hand movements. Activities
such asDrop, Open and Close are considered "instant activities" and consequently
have fewer samples in the dataset compared to more frequent activities likite
and PutSomethingSomewhere
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Figure 3.3: Confusion matrix and classi cation report for the decision tree which
Is shown in Figure 3.2. "Put." is the abbr. ofPutSomethingSomewhere

Figure 3.4: Model accuracy vs. complexity after pruning.

To address the class imbalance, we employed the SMOTETomek technique [30],
which combines both over-sampling and under-sampling methods to resample the
dataset. Additionally, to prevent over tting, cost-complexity pruning [24] is applied
during training. Figure 3.4 illustrates the relationship between the accuracy and
the complexity parameter of cost-complexity pruning for both the training and
testing sets. acts as a penalty term and prevents model over tting by balancing
model complexity and its performance on the training set. A lower value results
in a more complex tree with more nodes and branches, as the penalty for complex-
ity is smaller. Conversely, a higher value simplies the tree by increasing the
penalty for additional nodes, resulting in fewer branches. Initially, as increases,
the decision tree becomes simpler, but the accuracy on the test dataset does not
drop signi cantly, and this simpli cation helps reduce over tting. However, once
0:7, the accuracy on the test set drops because the model becomes too simple
to capture the underlying patterns in the data, resulting in a drop in accuracy on
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both the training and test sets. Figure 3.5 shows di erent trees after pruning by
using dierent . Comprehensively considering the complexity and classi cation
performance of decision trees, any value of between0:02 0:06 can be used as
the nal pruning parameter.

(@ =0:.01 (b) =0:03

(c) =0:05 (d =0:07

Figure 3.5: Di erent decision tree of di erent complexity after pruning.

3.3.3 Implementing the decision tree to Segment and Rec-
ognize activities

The purpose of online segmentation is to dynamically segment human actions into in-
terpretable and intuitive activity sequences in real-time as they are performed in the
VR environment. Participants are asked to perform a task in the VR environment,
such as putting a vase and a spoon together in a sink. Online segmentation involves
continuously monitoring the participant's actions, segmenting them into distinct ac-
tivities and building a task graph that represents activity transition simultaneously.
One example is shown in Figure 3.6. Edge weights mean the transition frequency
between two nodes in the task graph. Grey notation is the newly appeared transi-
tion. "Put." is the abbr. of "PutSomethingSomewhere". The loop between "Grasp”
and "Put." is caused by the movement is not fast during transport, e.g., turning
around in another direction, stopping for a while.

Since it's impossible to de ne every task by humans, parameterizing activities that
allow for the prediction and generalization of di erent tasks is vital. An ontology

is pre-de ned and categorizes objects, locations, containers, and other relevant en-
tities essential for describing the environment and activities shown in Figure 3.1.
When a new entity that is not listed in the encoded value table (Tabl€?) is en-
countered by the decision tree, and special handling is required. For instance, if the
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Figure 3.6: Online segmentation example for the task "put the bottle in the sink".
The blue arrow highlights the newly appeared edge that is essential for the task
execution.

current feature inHand has a value "Spoon2,” which is not present in the feature
encoding, by acquiring the category and siblings for the new entity from ontology,
here according to Figure 3.1, "Spoon2" is under the category "Objects”, and it has
a sibling "Spoonl”, which is in the feature encoding table, which means they are
identical in high-level concept. Through this method, an adaptive representation of
activities can transfer to unseen entities. However, it is also impractical to de ne
every possible entity within an ontology. Thus, we complement our ontology with
LLM, which serves as a resource for entities not included in the existing knowledge
base. This hybrid approach ensures our method can generalize to unseen scenarios
and new objects.

3.4 De Bruijn Graph and Sequence Reconstruc-
tion

3.4.1 Building a De Bruijn Graph

As discussed in Section 2.3.1, those small changes in DNA sequence are consistent
with the challenges we face when automatically generating task graphs from VR
demonstrations. The sequence modi cation algorithm can be summarized into the
following two ways:

Initial condition : Given a thresholdC, if the number of links of a bulge is
less thanC, then it can be considered to be simpli ed. Here, bulge is formed
by two substringsP; and P, in sequences.

Sequence modi cation : To remove the bulge, the algorithm modies the
sequence by replacing all occurrencesf with P, in S. This means selecting
one variant in the sequence and ignoring the other.

In this project, DNA sequencing is useful to eliminate small changes in human
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Figure 3.7: De Bruijn graph for the given activity sequence

demonstration sequences for one speci c task. For example, if we want to grasp one
object and put it to another place, three possible sequences extracted from human
demonstration could be:

1. Idle ' Reach! Idle ! Reach! Grasp! PutSomethingSomewhere

2. 1dle ' Reach! Grasp! Idle ! Reach! Grasp!

PutSomethingSomewhere

3. Ildle ! Reach! Grasp! PutSomethingSomewhere
Use the following abbreviation for each activity:l for Idle , Rfor Reach Gfor Grasp
and P for PutSomethingSomewhereUse3 mer to divide them into reads:

1. IRI, RIR IRG RGP

2. IRG RGI GIR IRG RGP

3. IRG RGP
Take each length-3 input string and split it into two overlapping substrings of length
2. Call these the left and right2 mers.

1. IR, Rl, IR, RGGP

2. IR, RGGI, IR, RGGP

3. IR, RGGP
In the de Bruijn graph, each node represents 2 mer, and each directed edge
represents an overlap between tw® mer, from each left2 mer to corresponding
right 2 mer as shown in Figure 3.7. In this simple example, several conclusions
can be easily derived:

1. Edge represents activity transition during execution.

2. Weight represents the frequency of transition from one activity to another.

3. A higher weight indicates a more necessary step for executing a task.
Thus the hypothesis is: If a path that traverses all necessary edges can be found,
then this path is the most representative sequence to execute the task.

3.4.2 Sequence Reconstruction

As demonstrated in Section 2.3.1, the sequences are divided into reads to build
de Bruijn graphs, where nodes represet 1-mers and edges represei-mers,
indicating transitions between activities. De Bruijn graphs o er a more compact
representation in the representation of repetitive patterns and cycles within activity
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sequences. The goal of sequence reconstruction from the de Bruijn graph requires
nding a sequence that covers the most representative edges, i.e., activity transi-
tions. This problem is similar to the Seven Bridges of Kénigsberg Problem.

3.4.2.1 Seven Bridges of Konigsberg Problem

The Seven Bridges of Kdnigsberg problem is based on the layout of the city of
Konigsberg, which consists of two large islands connected to each other and to the
mainland by seven bridges, the illustration is shown in Figure 3.8. The problem
iIs how to walk across the seven bridges in the city in a single walk, crossing each
bridge exactly once. By representing the land as nodes, the bridges as edges and
formulating the problem as a question about whether there is an Eulerian circuit in
the graph, Euler solved the Seven Bridges of Kénigsberg Problem [31].

Figure 3.8: Seven Bridges of Kdnigsberg Kénigsberg and its topology [1]

3.4.2.2 Eulerian Path

Eulerian path is also called the Eulerian trail:

Theorem 1. for undirected graph [32]:
A non-trivial connected graph has an Euler circuit i . each vertex has even
degree.

A connected graph has an Euler trail from a vertex to a vertexy 6 x i. X
andy are the only vertices of odd degree.

Since the de Bruijn graph is a directed graph, then given Theorem 2:

Theorem 2. For the existence of an Eulerian path in a directed graph [33]:
the underlying graph is connected, and
for each vertex except two, the in-degree equals the out-degree; of the remaining
two vertices, either both have in-degree equal to the out-degree, or else one has
in-degree = out-degreet1

and also:

Theorem 3. De Bruijn graph has an Eulerian path [34].
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Thus an Eulerian path can be found from a de Bruijn graph, which means the
reconstruction of activity sequence is possible. Moreover, a corollary especially
relevant to our task is:

Corollary 4. Let G°be a de Bruijn graph derived from the combination of multiple

de Bruijn graphs, where the edge weights correspond to or greater than the number
of sequences. If all sequences from the same task share the same start vertex and
end vertex, thenG° contains an Eulerian path.

To prove this,

Proof. Consider a combined de Bruijn graplG® The restriction on the edge weights
implies that some internal edges may be removed. However, since all sequences from
the same task share the same start vertexand end vertext, these vertices will not
be removed. This ensures that the degree condition for the vertices remains intact.
SpeC| cally, we analyze the degrees of the vertices as follows:
The start vertex s of the sequence has an out-degree that is one more than its
in-degree.
The end vertext of the sequence has an in-degree that is one more than its
out-degree.
All other vertices have equal in-degrees and out-degrees, as they are con-
structed continuously from the sequences.
thus we proved that G° contains an Eulerian path according to Theorem 2 and 3.

O

In the following part, such graphGPis named asAggregated Maximal Weighted Sub-
graph

Based on above analysis, we could conclude that &ggregated Maximal Weighted
Subgraphhas such features:
each edge represents an activity transition that appears in all of the sequences
it covers every edge in the graph
These features ensure the reconstruction results in the most representative activity
transition and sequence for a speci c task. The most standard format of de Bruijn
graph is built from de Bruijn sequence [35]: a de Bruijn sequence for a given alpha-
bet is a cyclic sequence that contains every possible substring of a speci ed length
exactly occurs once. However, in experiments, the sequence collected from human
demonstration is not always a de Bruijn sequence. More details will be illustrated
in the next section.

3.4.3 Example for Reconstructing Sequence

For example, given a task "put spoon and vase into drawer", the corresponding se-
quences arel( Idle , O Open G Grasp, P PutSomethingSomewhereD Drop,
C Close):

1. IGOIGPGDIGPDIGC

2. IGOIGPGDIGPGPDIGCGC
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the correspondingAggregated Maximal Weighted Subgrapkhich built by 3-mer is
showed in Figure 3.9.

Figure 3.9: Aggregated Maximal Weighted Subgraph (3-mer) for the given task.

Node GPand DI violate the degree balance, showcasing they don't occur just once.
Consequently, there is no Eulerian path, and further processing methods are re-
quired. Path 1: GP! PG! GD DI and path 2. GP! PD! DI achieve the same
transition essentially, such degeneracy can be eliminated by sequence modi cation
(described in Section 2.3.1): replace one sequence with another. After replacing
path 1 by 2, the new aggregated subgraph is shown in Figure 3.10:

Figure 3.10: Aggregated Maximal Weighted Subgraph (3-mer) after sequence mod-
| cation.

This change is re ected in the original sequence, indicating that some unnecessary
activities have been removed:

1. IGOIGPGDIGPDIGC
2. IGOIGPGDIGPGPDIGCGC

Additionally, some weights are greater than the number of sequences means a repet-
itive pattern during activity transition, 3-mer is not enough length to capture such a
pattern, increasing length will capture more transition context to solve the problem.
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3.5 Integration

Figure 3.11 illustrates the entire process from online segmentation to sequence as-
sembly. Using the example of putting a bottle into a sink, predicates describe hand
motions and object properties, which serve as the input for the decision tree. In
this scenario, the entity "bottle" is not within the scope of the encoded value. To
address this, a LLM is employed to complete the ontology. Given a prede ned on-
tology, the LLM is queried to determine the most suitable category for the "bottle.”
For instance, if the LLM identi es the category as "objects," then query ontology
directly for its siblings. This process reveals that "spoonl” is a sibling of "bottle"
and is also within the scope of the decision tree. This nding indicates that task
"put spoonl into sink" is the equivalent substitution of original task, other activities
can be derived similarly.

The task initially exists in the idle interval for human thinking and movement. As-
suming that LLMs cannot give bottle a category in the rst query, since predicates
are sent as long as they are triggered, the general physical calculation step is less
than 20 milliseconds. Continuous and very short query intervals will ensure that
LLMs give an answer, and then insert the classi cation result of the bottle into the
corresponding category of the ontology.

Once we collected sequences with the same start vertex and end vertex, they could be
combined and ltered to get the Aggregated Maximal Weighted Subgrapby judging
weighs and degree balance to determine if an Eulerian path can be found directly
(see Corollary 4 and corresponding proof) or this subgraph still need modi cation
and re-build to satisfy the Eulerian path requirements, the process is shown in Figure
3.11 "Sequence Assembly" part.

Figure 3.11: Online segmentation and sequence assembly integration.
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