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ABSTRACT

Our goal is creating artificial agents that can interact with humans and learn completely
new tasks through instruction. Solving this problem requires integrating many capabilities
across Al In this project, we identified three dimensions of task complexity (diverse types
of actions, task formulations, and task modifiers), and implemented extensions that
demonstrate greater learning capabilities for each dimension than previous work. First, we
extended the representations and learning mechanism for innate tasks so the agent can learn
tasks that utilize many different types of actions beyond physical object manipulation, such
as communication and mental operations. Second, we implemented a novel goal-graph
representation so that an instructor can formulate a task as achieving a goel and let the
agent use planning to execute it, or can formulate the task as executing a procedure, or
sequence of steps, when it is not easy to define a goal. Third, we added support for learning
subtasks with various modifying clauses, such as temporal constraints, conditions, or
looping structures. Our system has been used with various robotic platforms, and it
combines all of these extensions while learning complex hierarchical tasks that cover
extended periods of time and demonstrate significant flexibility.



1. Overview of Project

1.1. Objective:

The long-term goal of our research is to develop autonomous intelligent agents that have
the cognitive capabilities of humans. One challenge is that humans can extend their
capabilities through learning and adaptation by interacting with their envircnment and
other humans. Existing robots & | Al systems (agents) must be programmed by hand,
requiring both subject matter experts and Al engineers. There are no ways of Cynamically
extend the capabilities of Al systems to new tasks or customize them to the specifics of a
situation. As we move to military environments that include both humans and Al systems,
we need the ability to quickly expand the capabilities of our Al systems. Otr goal is to
develop the underlying science and technology to support rapid instruction of AI systems
through natural interaction — usually language. Before this project, we had developed a
system that learns limited types « tasks interactively. The purpose of this project has been
to greatly expand the diversity a  complexity of tasks and knowledge that can be learned
via Interactive Task Learning (ITL). Specifically, tasks that involve many different types
of actions (e.g., communicative, perceptual, mental), modifiers (e.g., temporal, conditional,
repetitive clauses), and formulations (e.g., goal-achievement, procedure, optimization).

1.2.Background:

In the five years leading up to this project, we researched how autonomous ageats can learn
new tasks through natural language interactions with humans, a capability that we call
Interactive Task Learning (Laird et al. 2017). The goal of ITL is to provide a means for
learning all aspects of a task through natural interactions with humans without
programming. Our approach to interactive task learning emphasizes mixed-initiative
instruction through natural lang' ge. When an agent is in a situation where it zannot make
progress on a task, it will ask for help, and a human instructor provides whatever type of
knowledge the agent needs through natural language. The language is typica_ly grounded
in the current situation, so that both the human and the agent can refer to relevant objects
and relations in the environment. In some cases, the human can use instructions that refer
to hypothetical situations.

Our work on interactive task learning led to the development of Rosie (Kirk & Laird, 2014;
Mininger & Laird, 2016), a robotic agent implemented using the Soar cognitive
architecture (Laird, 2012). Rosic learns many different tasks, from scratck, via natural
language and demonstration. It has been taught over 60 different games and puzzles (Kirk
& Laird, 2019) as well as navigation and delivery tasks, such as fetching and delivering
objects. It accumulates knowledge over time, so that it can apply what it previously learned
to new tasks, greatly reducing the amount of knowledge that must be provided by a human
instructor. It learns hierarchical concepts that are defined both from primitives and
previously learned concepts, and from the tasks it learns that are definec in terms of
previously learned tasks. Und AFOSR funding, we expanded Rosie’s cepabilities for
language understanding (Lindes & Laird 2017; Lindes, Mininger, Kirk, & Laird 2017) and
hierarchical concept learning (Kirk & Laird, 2019). The language capabilities increase the
range of instructions a human can use to teaching new tasks, greatly increesing the ease



and robustness of instruction. Hi rchical concept learning allows for multiple groundings
of the same concepts for different situations, as well as reuse of abstract concepts in new
situation, greatly reducing what needs to be taught across multiple tasks.

Although we had previously made significant progress, there were still significant limits to
Rosie’s generality and capabilities. Before this research, we focused on tasks where there
is a well-defined goal state (such as winning a game of Othello, or delivering a package),
and only a subset of the available types of knowledge and reasoning. Furthermore, we
constrained Rosie to simple pick and place actions, combined with siraple indoor
navigation.

In this project, we significantly extended the generality and adaptability of autonomous

interactive task learning.

1. The first one was increasing the diversity of the innate tasks to many different types of
actions (e.g., communicative, perceptual, mental). These are the building blocks from
which more complex tasksa composed, so expanding this set of innate tasks will lead
to learning tasks that involve broader types of actions.

2. The second area was adding more ways to formulate a task. We had cemonstrated
learning tasks formulated as achieving a goal or following a procedure, but we
identified other ways to formulate a task that were worth adding.

3. The third type of task diversity was having different clauses that further modify a given
task command, such as specifying a time, adding a conditional, or a repetition.
Increasing this type of diversity will lead to greater customization when teaching a
specific task.

By working on these three areas, we significantly extended the task learning capabilities of

our agent. The point is to achieve performance on these tasks, through insruction, that

exceeds previous efforts in terms of task complexity and underlying knowledge that have
been developed through man | programming, and orders of magnitude faster than
possible with manual programming.

2. Year 1: Activities and Accomplishments

Over the first year, we focuse on the problem of leaming and performing tasks with
different kinds of modifiers. A basic version of a task (e.g. ‘Move the box or.to the table”’)
can be modified with clauses that specify when, where, and how the task should be
performed. If the agent can handle tasks with these modifiers, it can learn -asks that are
more complex and varied. A key requirement is that it must be able to learn and reason
over these types of modifiers, not simply execute them.

First, we have added support for temporal clauses that can specify the desirec start, end, or
duration of a task. Second, we have added support for conditional modifiers of both goals
and actions. Conditional goals allow greater task variation by allowing the instructor to
specify different goals for a task depending on the type of object. For example, the agent
leamns the task of storing an ite  where the storage location depends on the object (‘If the
fork is a utensil, then the goal is that the fork is in the drawer’ vs ‘If the soda is a drink then






is to develop a taxonomy of task learning capabilities that can be used to analyzz a specific
approach to ITL and serve as a basis of comparison between different approaches.

3. Year 2: Activities and / complishments

During year 2, we added significant capabilities that extended the task learning capabilities
across all three dimensions of 1 k diversity. First, we added more innate iasks, most
notably mental actions that involve long-term memory. This means the agent .earns tasks
that involve storing and retrieving knowledge across long time periods. For example, it
learns to recall a person’s drink | :ference when serving a drink or recall wheze to store a
particular object. We also improved the ability of the agent to find objects or people by
adding these mental actions, such as recalling where an object was last seen o- recalling a
person’s office to go look there. Having knowledge-based actions greatly increases the
efficiency of the task learning as the instructor does not have to individually teach each
case. As a theoretical contribution, while adding mental actions we developed a novel
approach to learn action models by utilizing the agent’s past experiences stored in its
episodic memory. This makes the learned tasks more robust to novel variations without the
need for further training.

The second dimension of task diversity that we tackled was having diverse task
formulations. Over the past year, we added two additional formulations: opportunistic tasks
and composite tasks. An opportunistic task is one that should be initiated whenever some
condition in the environment is  2t. For example, we teach the agent to throvs away trash
when litter is seen on the ground or pull the fire alarm if a fire is detected. A composite
task is one where the task is to ¢ 'y out a set of subtasks, but the ordering is not important.
For example, we teach the agent ) tidy the kitchen by closing any cabinets, clzaring plates
from the table, and storing any condiments. Unlike a procedure, here the ordering is not
important. We had also identified RL tasks as another formulation but decided to first add
these simpler ones before adding RL, as that will involve major extensions.

We have also made progress on the third dimension of task diversity, additional task
modifiers, by adding support for repetitious clauses (while, do-until, and do N times). We
demonstrated the agent learning  11interior guard task where it patrols a sequence of rooms
in a loop until relieved. One novel capability that was added was the ability tc interrupt the
agent’s current task to insert additional steps or instructions. This is the first example of
allowing the instructor to modify a previously learned task; a crucial capability.

We also made progress in teaching causal relationships. This required extending the agent’s
internal knowledge representation so that it had declarative representations of the causal
relationships. This is necessary for use in means-ends analysis. We have a prototype
implemented where the Al agent learns simple causal relationships through interactive task
learning, both accurately and ¢ ciently.

We also expanded the environments and task scenarios that the agent can learn in. We had
planned to work with the AI2Thor simulator, but it proved too cumbersome to extend and
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