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Abstract

In long-term life tasks, people often face challenges from uncertainty in tasks and
information-seeking, which can create difficulties in decision-making and task comple-
tion. Recent advancements in Artificial Intelligence (AI), especially in Large Language
Models (LLMs), offer transformative capabilities in domain-specific task planning and
problem-solving. Despite these innovations, there is limited understanding of how such
technologies can be applied to assist humans in long-term life tasks. This dissertation
work seeks to address this gap by exploring how human-AI collaboration, mediated
through LLM-based agents, can improve long-term life task planning and uncertainty
management. To achieve this, this dissertation first proposes the long-term life task
type and investigates how people may use AI tools to assist them in planning long-
term life tasks and cope with uncertainty. Secondly, it proposes the Goal Oriented
Long-term liFe planning (GOLF) framework that integrates LLMs to emulate human-
AI collaboration in diverse long-term life task domains. The framework facilitates task
decomposition and iterative planning while evaluating uncertainties throughout the
process. Thirdly, the study introduces a GOLF benchmark to evaluate and general-
ize the effectiveness of LLMs in long-term planning scenarios. This study operates
at the intersection of cognitive science, information science, and human-AI interac-
tion, and makes multifaceted contributions. Theoretically, by introducing the concept
of long-term life tasks and proposing the GOLF framework, it explores the poten-
tial of human-AI collaborations for long-term planning and uncertainty management.
Methodologically, through a simulation-based approach and the LLM benchmark, it
enables systematic evaluation of LLMs in long-term planning scenarios across domains.
This work bridges the gap between human cognitive strategies and AI planning capa-
bilities, providing a robust foundation for future advancements in AI-assisted task
management and goal achievement.
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Chapter 1

Introduction

Problem-solving is a fundamental aspect of human existence, enabling individuals to

navigate complexities and achieve their goals (Anderson, 1993; Newell & Simon, 1972).

However, uncertainty is inherently tied to problem-solving. In the context of this study,

uncertainty is defined as a human cognitive state arising from incomplete information,

ambiguous future outcomes, and dynamic environments (Abbott, 2005; Chowdhury et

al., 2011, 2014). Specifically, this dissertation focuses on three operational dimensions

of this cognitive state: outcome uncertainty (ambiguity regarding the results of a plan),

action uncertainty (lack of clarity regarding the specific steps required), and intolerance

of uncertainty (the negative emotional response to these ambiguities) (Carleton et al.,

2007; Maes et al., 2022). Managing this uncertainty is crucial for effective decision-

making and successful outcomes (Allen, 2015; Arbona et al., 2021). To contend with

uncertainty, individuals employ task management strategies, such as goal setting and

task planning (Bateman & Barry, 2012; Grant, 2003; Sniehotta et al., 2005). By

decomposing complex objectives into actionable steps, people can reduce ambiguity

and gain clearer pathways toward their goals (Allen, 2015; Eichmann et al., 2019).

Despite these strategies, human cognitive limitations, such as bounded rationality and

finite working memory, can impede our ability to manage multifaceted, long-term tasks

(Kahneman, 2003; Newell & Simon, 1972). These constraints often lead to suboptimal

decision-making and heightened uncertainty (Azzopardi, 2021; Tversky & Kahneman,
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2000a, 2000b). To mitigate the negative effects of these limitations, various systems

are designed to better support human tasks.

Information access systems, including search engines and recommendation systems,

have emerged to aid individuals in their information-seeking processes (Shah & Ben-

der, 2024; Shah et al., 2023). These systems play a fundamental role in problem-

solving by providing access to external resources that inform decisions and reduce

uncertainty through information retrieval (IR) and recommendation (Chowdhury et

al., 2014; Savolainen, 2012). However, due to both human cognitive limitations and

system performance constraints, users often encounter challenges interacting with these

systems, such as cognitive barriers (Savolainen, 2015), information overload, and irrel-

evant results, which can exacerbate uncertainty (Azzopardi, 2021; J. Liu & Azzopardi,

2024).

Recent advancements in artificial intelligence (AI), notably in large language mod-

els (LLMs) and LLM-based chatbots and agents, offer promising solutions. These

technologies possess sophisticated language understanding and generative capabilities,

enabling them to process context and provide more nuanced support in problem-solving

(Brown et al., 2020; Huang et al., 2024; Joksimovic et al., 2023; Ouyang et al., 2022;

Xi et al., 2023). This technological shift enables AI-assisted planning, which this study

defines as a collaborative process where AI agents leverage generative capabilities to

decompose high-level goals, propose actionable steps, and augment human reasoning

to reduce cognitive load (Hunt, 1994; Inder, 1996; Retzlaff et al., 2024; Sebastia et al.,

2006; Y. Wang & Chiew, 2010). It is important to distinguish this from traditional AI

planning research, which predominantly focuses on algorithmic optimization and prob-

abilistic modeling (Russell & Norvig, 2016). Unlike purely algorithmic approaches,

LLM-based approaches can mirror human reasoning process and behaviors to gener-

ate plans in natural language (Huang et al., 2024; Xi et al., 2023). In addition, the
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integration of LLMs into information access systems has given rise to generative IR,

where AI not only fetches information but also generates responses tailored to user

queries. This advancement overcomes previous limitations in IR system understand-

ing of diverse user intents and naturally delivering personalized and comprehensive

information. (Deng et al., 2024; Shah & Bender, 2024; Zhao et al., 2024).

Despite these technological developments, a gap remains in applying them cohe-

sively to support humans in the planning and management of long-term life tasks.

The long-term life tasks are defined as complex, open-ended objectives that span ex-

tended periods, carry high personal significance, and involve uncertainties from mul-

tiple sources, such as career development, health management, and financial planning

(Cantor et al., 1991; Havighurst, 1953). While the execution of these tasks can span

years, this study focuses specifically on the planning phase. Planning serves as a criti-

cal entry point for human-AI collaboration, allowing users to simulate potential futures

and manage uncertainty before execution begins. Current LLM-based planning frame-

works mostly focus on smaller-scale and routine tasks that LLM agents can automate

with less human intervention. It lacks integration among human cognitive strategies,

task management principles, and generative AI planning capabilities, which is cru-

cial for effectively managing human and task uncertainties. On the other hand, users

still encounter difficulties and uncertainties interacting with these AI tools, which may

hinder them from discovering how to utilize AI tools for long-term task assistance.

This research aims to bridge this gap by exploring how human-AI collaboration, lever-

aging LLM-based agents, can enhance long-term life task planning and uncertainty

management. By integrating insights from human problem-solving, task management

principles, generative AI planning capabilities, and interactive IR and recommenda-

tion, this study aims to develop a unified framework that mitigates the negative effects

of uncertainty and improves informed decision-making in long-term life tasks.

3



1.1 The context of the dissertation

This study operates at the intersection of cognitive science, information science, AI,

and human-computer interaction (HCI). Focusing on these perspectives, this study

aims to develop a user-aware AI-assisted planning framework that enhances human-AI

interaction for long-term life task planning and uncertainty management.

1.1.1 Human problem-solving process

Human problem-solving is a fundamental cognitive function that enables individuals

to navigate challenges and make decisions in everyday life. From routine tasks like

navigating to a place to complex projects such as scientific research, problem-solving

is integral to human intelligence and adaptability. Tracing back to ancient philoso-

pher Aristotle, researchers across multiple disciplines have long been intrigued by the

mechanisms underlying this ability (Hunt, 1994). Understanding how humans solve

problems sheds light on natural intelligence and informs the development of artificial

intelligence systems designed to emulate these cognitive processes (Newell & Simon,

1972).

Simon and Newell (1971) considered problem-solving in a search representation,

which introduced the concept of the problem space, encompassing the initial state,

intermediate states, goal state, and connecting actions. Search representation frames

problem-solving as a process of finding a path in a structured state space, where states

represent different steps of the problem, and actions or operators represent transitions

between states. The solver (human or machine) navigates this space using strategies

such as heuristics or systematic exploration to identify a solution path from the initial

state to the goal state.
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The search representation emulates cognitive processes of human problem solving,

including goal setting, planning, information seeing and processing, and decision mak-

ing. Goal setting is the initial phase where the desired outcome or solution is identified,

providing direction for subsequent actions (Locke & Latham, 2005). This is followed

by task planning, which requires strategies and sequencing actions to bridge the gap

between the current state and the goal state (Inder, 1996). Information seeking and

processing are critical throughout this process, as individuals gather relevant data,

evaluate options, and update their understanding of the problem space (Kuhlthau,

1991). Decision-making is the action that helps individuals transit from the current

state to the next state in the problem space (Simon et al., 1987). The integration of

these steps reflects a dynamic and iterative approach to problem-solving.

Problem-solving can differ significantly depending on whether the problem is new or

familiar. For familiar problems, individuals can rely on schema, which is a structured

mental framework that individuals acquire and refine through practice and experi-

ence (Chi et al., 2014; Cooper & Sweller, 1987). In contrast, new problems require

exploratory reasoning and planning, as no established schema exists. Long-term life

tasks, such as career planning, financial management, or achieving personal milestones,

may seem like new problems to an individual. However, these challenges are not new to

human society with most if not all people having faced and resolved similar situations

in their lives.

Planning reduces uncertainty by structuring decision-making around available and

potential information, which reframes task uncertainty as an information uncertainty

problem (Allmendinger, 2017). In addition, task planning can be understood as a learn-

able schema (Shallice, 1982). The schema patterns for specific problems can be reused

by others in similar contexts. By organizing information through planning or learning

the schemas from the experiences of others, individuals can anticipate the problem

5



space, from goal setting to planning, information seeking, and making decisions (An-

derson, 1993). Therefore, leveraging others’ experiences as common knowledge offers a

practical and feasible way to address long-term life tasks, transforming seemingly new

personal challenges into manageable processes.

1.1.2 The concept of task in task management and information

seeking and retrieval

While problem-solving provides a high-level framework for addressing challenges and

achieving goals, tasks represent the tangible, actionable components that operationalize

this process. Each task serves as a step or sub-goal within the problem-solving journey,

contributing to the progression from the initial state to the desired outcome in the prob-

lem space (Inder, 1996). A task is framed as a specific problem that the solver faces,

requiring a sequence of actions or decisions to reach a solution (Newell et al., 1958). In

information-seeking and retrieval (ISR), tasks drive the user’s need for information and

shape their strategies for finding and evaluating relevant resources (Soufan et al., 2021;

Vakkari, 2003; I. Xie, 2009). These tasks are often context-dependent, reflecting spe-

cific goals or challenges that users face in academic, professional, or personal settings

(Haraty et al., 2016; H. Xie, 2000). Similarly, in task management, tasks represent the

building blocks of planning, organization, and execution, encompassing the processes

of defining objectives, prioritizing activities, and allocating resources (Bellotti et al.,

2004).

In the context of ISR, tasks are multifaceted activities that can range from every-

day queries to complex professional information needs (Vakkari, 2003; I. Xie, 2009).

These tasks often trigger a cascade of information-focused actions such as searching,

acquiring, organizing, synthesizing, and disseminating information to achieve specific
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goals (Byström & Hansen, 2005; Järvelin et al., 2015). The process of addressing these

tasks frequently involves navigating through the Information Search Process (ISP), a

conceptual model that outlines various stages ranging from initiation, selection, ex-

ploration, formulation, and collection, to the presentation of information (Kuhlthau,

1991). This model starts with the user feeling of uncertainty and underscores the dy-

namic nature of information seeking, spotlighting how individuals’ approaches evolve

as they gain clarity and refine their information needs. Task hierarchies in ISR further

describe how tasks are structured and interrelated, positing that complex work tasks

may be decomposed to nested sub-tasks related to information seeking and searching

(Byström & Hansen, 2005; Toms, 2019).

Specifically, tasks in ISR can be classified into work tasks and information tasks,

where work tasks motivate more focused information tasks (Soufan et al., 2021). Work

tasks provide the context and goals that lead to information-seeking behavior, which

involves multiple sub-tasks aimed at addressing specific information needs (Järvelin

et al., 2015; I. Xie, 2009). These tasks are characterized by their goals, instructions,

information resources, and conditions (Toms, 2019). Furthermore, tasks can vary sig-

nificantly in complexity, ranging from simple, repetitive actions to complex decision-

making processes requiring innovative problem-solving and the integration of diverse

information sources (Y. Li & Belkin, 2008). They are influenced by users’ roles and

the task context, reflecting the dynamic relationships between personal objectives and

external constraints (J. Liu et al., 2010; J. Liu et al., 2019). Building on these theo-

retical foundations, IR research and applications have developed systems that consider

user and task states to enhance support for search tasks. While addressing uncertainty

in information tasks, it is also crucial to explore how to support users and mitigate

uncertainty from a holistic task perspective.

7



1.1.3 Uncertainty in human problem solving and task manage-

ment

Uncertainty is a multifaceted concept investigated across diverse disciplines, including

cognitive science, economics, information science, and AI. In cognitive science, un-

certainty is often defined as a mental state resulting from incomplete or conflicting

knowledge, which can disrupt decision-making and motivate problem-solving efforts

(Tversky & Kahneman, 2000a). In economics, uncertainty refers to situations where

future outcomes and risks cannot be predicted with confidence (Alchian, 1950). In

information science, uncertainty is tied to disorder and entropy in information sys-

tems, reflecting gaps or anomalies in knowledge that impede understanding or decision-

making (Chowdhury et al., 2011). In AI, uncertainty arises from the probabilistic and

partially observed nature of problem states, where incomplete knowledge of the envi-

ronment necessitates adaptive and probabilistic reasoning (D. Li & Du, 2017). These

definitions illustrate the pervasive and interdisciplinary nature of uncertainty, framing

it as both a cognitive state and an environmental condition.

The effects of uncertainty are also investigated in multiple disciplines. In infor-

mation science, uncertainty drives information-seeking and retrieval behaviors as in-

dividuals attempt to resolve gaps or anomalies in their knowledge (Chowdhury et al.,

2014; Toms, 2019). From a psychological perspective, uncertainty can affect cognitive

processing, lead to indecision, and result in anxiety, particularly for individuals with

a low tolerance for uncertainty (Arbona et al., 2021). In task management, uncer-

tainty complicates both the outcomes and the actions. Outcome uncertainty arises

when the results of a task are unpredictable, while action uncertainty occurs when the

steps necessary to achieve a goal are unclear (Maes et al., 2022). In the field of AI,

uncertainty poses significant challenges, particularly in planning and decision-making

8



systems. Although researchers understand the impacts of uncertainty and have devel-

oped strategies to manage it, human still remains vulnerable due to bounded rationality

and emotional reactions. In contrast, AI approaches uncertainty as a probability prob-

lem, making it a more rational solver in uncertain situations. Therefore, designing

systems and processes through human-AI collaboration could be a promising way to

support users in tasks and mitigate the effects of uncertainty.

1.1.4 Human-AI collaboration for supporting human tasks

Human-AI Interaction (HAI) refers to the ways humans engage with AI systems, focus-

ing on usability, responsiveness, and user experience (Amershi et al., 2019). Human-AI

collaboration (HAC), rooted in Licklider (1960)’s concept of symbiotic computing, envi-

sions AI as an active partner that enhances human reasoning, creativity, and problem-

solving rather than merely serving as a tool (Holter & El-Assady, 2024). This vision

transcends traditional notions of human-computer interaction (HCI), situating AI as

a teammate rather than a machine to be operated, and directing attention toward the

richer domain of Computer-Supported Cooperative Work (CSCW) (Amershi et al.,

2019; Shneiderman, 2021; D. Wang et al., 2020). While HAI primarily improves user

experience through adaptive interfaces and intelligent feedback, HAC requires deeper

integration, where AI assists with task management and coordination (W. Xu et al.,

2023; Q. Zheng et al., 2022).

Current research in HAC has made progress in high-stakes fields such as medicine,

finance, and industrial automation, where AI supports professionals by processing

large-scale data, optimizing workflows, and mitigating risks (Fragiadakis et al., 2025;

Khakurel & Blomqvist, 2022). The focus on these domains is largely driven by the

availability of structured data and societal priorities. However, fewer studies have
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explored HAC in everyday life, where collaboration is equally valuable but more chal-

lenging due to unstructured tasks and diverse user needs. One promising direction is

AI-assisted task management and decision-making, where AI automates routine tasks

while preserving human oversight for strategic decision-making (G. Li et al., 2023; O.

Liu et al., 2024). Despite the potential, implementing AI in open-ended and daily-life

scenarios has been challenging. Traditional AI systems often struggle with generalizing

across diverse tasks topics and user preferences (Y. Xu et al., 2020). These limitations

have hindered the development of AI systems capable of long-term collaboration with

humans in everyday contexts (Gomez et al., 2025).

The emergence of Large Language Models (LLMs) has expanded the possibilities for

collaboration. LLMs exhibit remarkable generalization capabilities, enabling them to

handle a wide range of tasks and adapt to various contexts (Ouyang et al., 2022). More

details of the development and limitations of LLMs are explained in a later section. In

terms of HAC, the advancement of LLMs has the potential to extend collaborative sce-

narios from closed domains to open-domain tasks (Roller et al., 2021). Usage patterns

show that people increasingly rely on ChatGPT for complex, multi-step tasks such

as practical guidance, information seeking, and content generation (Chatterji et al.,

2025; Skjuve et al., 2023). OpenAI has also introduced ChatGPT’s learning mode,

which supports step-by-step study and long-term skill development (OpenAI, 2025).

These developments suggest that users and developers are increasingly exploring LLMs

as partners for complex and long-term activities. However, traditional collaboration

frameworks have yet to fully adapt to this shift. Current research predominantly fo-

cuses on decision support and task planning in short-term and well-defined problems

(Gomez et al., 2025; Y. Xu et al., 2020). This leaves a gap in understanding how AI

can support humans in long-term life tasks.
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1.1.5 Human long-term life task

“Not life, but good life, is to be chiefly valued.”—Socrates. Human life tasks and goals

present a vast spectrum: for some individuals, it may be as straightforward as striving

for happiness and maintaining health, while for others it may be as ambitious and

abstract as achieving great success, leaving a meaningful legacy, or transforming society

(Dweck, 2006). These life tasks are not monolithic; they differ in complexity, duration,

and personal significance (Wong, 2013). Ultimately, such long-term pursuits shape our

sense of identity, purpose, and fulfillment (McGregor & Little, 1998). Understanding

life goals and tasks is crucial because they represent the core challenges and milestones

that guide our decisions and learning throughout the human lifespan. Yet, these goals

are not always easily defined, let alone easily achieved.

Within the broad realm of life goals, life stage tasks refer to the essential sets of

objectives and milestones that most individuals encounter as they progress through

distinct phases of their lives (Havighurst, 1953). Life stage tasks encompass various

domains, from managing one’s finances (e.g., saving for retirement, buying a home)

(M. M. Hassan et al., 2021), sustaining health (e.g., establishing exercise routines, pre-

ventive healthcare) (Fruh, 2017), advancing education (e.g., acquiring essential qual-

ifications, continuous learning) (Young et al., 2019), to building one’s career (e.g.,

job transitions, leadership development) (Pinheiro et al., 2017). These tasks typically

involve setting meaningful goals (Grant, 2003; Lieder et al., 2019), committing to a

long-term process of growth (Bateman & Barry, 2012; Höchli et al., 2018; Woolley &

Fishbach, 2017), enabling long term or lifelong learning (McCombs, 1991), and metic-

ulously planning steps toward desired outcomes (Sniehotta et al., 2005). In a life

journey, these tasks are crucial stepping stones, inherently long-term and are widely

shared across human societies (Cantor et al., 1991). Engaging in life stage tasks fosters

11



personal development, as individuals acquire new skills, refine their values, and gain

insight into themselves and the world around them (Dalio, 2019).

Because of the universal importance and complexity, these life stage tasks serve

as the central focus of this study and are referred to as long-term life tasks in the

remaining text, and it is used with life tasks and long-term tasks interchangeably. Given

the importance of augmenting human problem-solving and mitigating uncertainty, this

study investigates how human-AI collaboration can support long-term life tasks. The

challenge lies in understanding how AI’s world knowledge and capabilities in planning

can support humans in the life journey. In addition, by viewing long-term life tasks

through the lens of LLM agent planning simulation, this study aims to uncover new

possibilities of AI-driven planning tools and systems in empowering individuals to

achieve greater personal fulfillment.

As long-term life tasks inherently span extended durations, observing their full

execution in a research setting presents significant logistical challenges. However, task

planning can be viewed as a cognitive simulation of the task execution. By generating

a detailed plan or a simulation path in collaboration with AI, the user is essentially pre-

experiencing the long-term task. Therefore, this dissertation focuses on the planning

stage, treating the generated simulation path as a proxy for the long-term collaboration

that helps users navigate future uncertainties.

1.2 Problem statement

Long-term life task planning facilitates personal and professional development by help-

ing individuals structure complex objectives such as career advancement, educational

attainment, health management, and personal fulfillment. These tasks are markedly

more complex than short-term or well-defined tasks. With the recent advent of AI
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technologies, particularly LLMs like ChatGPT, there is growing potential for AI-driven

support in task planning. These LLMs provide capabilities such as task decomposi-

tion, personalized recommendations, and interactive feedback, which may help users

organize their thoughts and manage the uncertainties inherent in long-term planning.

Despite notable advancements in AI-assisted planning tools and research, there

is limited understanding of how these technologies support users with the long-term

planning process. To address this gap, this study introduces “long-term life tasks” as a

new task type for human-AI collaboration and focuses on users’ perceived uncertainty

in planning.

To have an initial understanding of this novel task, it is important to investigate

how users respond to uncertainty in long-term life task planning in their previous

experience. Users’ responses or their coping methods may include strategies to manage

or reduce uncertainty, avoidance behaviors, and emotional reactions. By examining

these experiences, this study aims to explore approaches to support users in long-

term task planning. Comprehending user-centric perspectives on this emerging task

type is crucial for designing systems that effectively meet their planning needs. AI

users (i.e., users who have experience with AI tools) may utilize AI to shape more

effective coping strategies for managing uncertainty in long-term task planning. AI

users with familiarity and acceptance of AI systems make them ideal participants

for understanding how AI can better support such tasks. Accordingly, this study

investigates the first research question:

RQ1: How do AI users cope with uncertainty in long-term life task planning?

Building on insights into user experiences, it is then essential to develop a system-

atic framework that supports long-term life task planning. This study introduces an

LLM-based planning framework, with the assumption that LLMs can provide general
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knowledge relevant to life task planning and identify and address user needs over the

state space of long-term planning (Guo et al., 2024; Z. Wang et al., 2023). This frame-

work leverages task decomposition and aims to mitigate users’ uncertainty during the

planning process. Given that conducting extensive user studies for long-term tasks

is both costly and time-consuming, simulations have become a widely adopted, cost-

effective approach for evaluating the effectiveness of LLMs and validating their capa-

bilities before real-world human-involved experiments. Thus, the second research ques-

tion focuses on developing and evaluating the framework within a simulated human-AI

collaboration environment:

RQ2: How does task decomposition within a simulated human-AI collaboration

environment impact long-term task planning and user uncertainty?

This dissertation constructs uncertainty primarily as a human cognitive state that

can affect a user’s decisions, emotions, and ability to plan long-term life tasks. Under-

standing this human-centric view of uncertainty is critical. This study first investigates

how humans experience and cope with this perceived uncertainty in AI-assisted plan-

ning in the first interview study. Building on this cognitive foundation, the second

simulation study then explores whether an LLM-based framework can model and eval-

uate these levels of user-perceived uncertainty, aiming to create a system that aligns

more closely with human cognitive processes.

Finally, suppose this LLM-based framework proves effective for long-term task plan-

ning. In that case, a standardized approach is needed to ensure that the findings can

be generalized and to facilitate the broader improvement of LLM capabilities in this

newly defined task type. Developing a benchmark for long-term life tasks would en-

able a replicable, scalable and consistent method of evaluating how different models
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perform on long-term task planning. Therefore, the study addresses the third research

question:

RQ3: How can a benchmark be developed and utilized to evaluate the performance

of LLMs in long-term task planning and uncertainty management?

By addressing these three questions, I conducted this dissertation study, aiming

to (1) understand users’ experiences and uncertainties in AI-assisted long-term plan-

ning, (2) design and validate an LLM-based collaborative framework, and (3) create a

benchmark that supports ongoing evaluation and enhancement of LLMs for long-term

life task planning. The following sections and the Literature Review chapter provide

additional details of the research background and explore potential solutions to address

the outlined research questions.

1.3 AI planning and LLM agent

In AI research, an agent is broadly defined as an autonomous entity capable of perceiv-

ing its environment, reasoning about possible actions, and executing tasks to achieve

specific goals (Inder, 1996). These agents rely on internal models and algorithms that

guide their behavior, often leveraging planning and searching algorithms to determine

optimal or near-optimal sequences of actions (Silver & Veness, 2010). Traditional

algorithm-based AI planning methods, such as Markov Decision Processes (MDPs)

and Partially Observable Markov Decision Processes (POMDPs), focus on formulating

explicit problem representations—defining states, actions, and goals—and systemati-

cally exploring possible action sequences to produce a viable plan (Silver & Veness,

2010). These methods have proven effective in domains like robotics and logistics,

they often require domain-specific engineering, significant computation, and carefully

crafted knowledge representations (Russell & Norvig, 2016).
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In recent years, the field of natural language processing (NLP) has undergone a

transformative shift with the advent of generative AI–LLMs. Beginning with the

transformer architecture, LLMs have demonstrated remarkable proficiency in process-

ing and generating human-like text (Vaswani et al., 2017). LLMs primarily focused on

NLP tasks, such as text generation, summarization, and question answering (Qin et

al., 2023). With instruction tuning and few-shot learning, LLMs’ capabilities have

expanded beyond NLP to broader AI tasks and generic human tasks (Ouyang et

al., 2022). Modern LLMs, like GPT, Gemini, Claude, DeepSeek, Qwen, and other

transformer-based models, have become increasingly adept at interpreting context,

providing coherent responses, and even reasoning about complex problems through

human-AI interaction (Gomez et al., 2025; Tu et al., 2024).

Building on these advances, researchers have begun leveraging LLMs as agents

within broader systems. An LLM agent is an AI-driven entity that uses its language

understanding and generation capabilities not only to communicate but also to plan

and act autonomously or semi-autonomously (Xi et al., 2023; Yao et al., 2022). In

multi-agent systems, several LLM agents collaborate or compete to solve tasks, each

contributing specialized functions such as retrieval, summarization, or decision-making

(Guo et al., 2024). This collective approach opens the door for more complex problem-

solving capabilities with different forms of reasoning.

A growing body of research now explores how LLM agents can perform or assist

with planning. These agents can break down tasks into subtasks, propose action plans,

and refine solutions through iterative feedback (Huang et al., 2024). Recent efforts

conduct experiments with simulation in the social science domain, in which entire

processes, including user behavior and system decision-making, are modeled by LLM

agents (Park et al., 2023; Tan & Jiang, 2023). These simulations primarily emphasize

automating human tasks with minimal human involvement. While automation can
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improve efficiency, a human-centered AI approach requires more human involvement

and control to ensure AI aligns with human goals and preferences. With the growing

adoption of LLMs in daily life applications, it is foreseeable that LLMs will play a role

in personal task management and decision-making. Despite this, human involvement

in such applications remains underexplored.

Previous studies highlight the potential of simulations for developing and evaluat-

ing complex human-LLM collaboration. Building on this, this research also leverages

simulations to assess the effectiveness of an HAC framework in supporting long-term

task planning. Additionally, this study emphasizes the simulation of user states as a

core component within the framework, aiming to advance the knowledge of Human-

Centered AI and the development of human-LLM interaction.

1.4 The dissertation study overview

The study for RQ1 explores how AI users manage uncertainty in long-term life task

planning through a qualitative research design, combining a warm-up activity with an

in-depth semi-structured interview. This study recruited 14 participants to engage in

self-chosen planning tasks with ChatGPT, covering topics of personal and well-being,

activity and event planning, and professional development and learning, followed by

semi-structured interviews. By analyzing both their prompts and interview reflec-

tions, the study captures not only how people interacted with an LLM but also how

they perceived uncertainty, usefulness and limitations in AI-assisted long-term life task

planning.

The findings show that participants engaged with ChatGPT through diverse prompt-

ing strategies that varied across task domains, including personal and well-being, ac-

tivity and event, and professional development and learning tasks. They encountered
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two main sources of uncertainty, task-inherent (e.g., where to start, feasibility) and

AI-introduced (e.g., contextual fit, credibility), which influenced both emotion and

behavior. ChatGPT helped structure goals and encourage reflection, but general or

overconfident advice sometimes amplified uncertainty. Overall, participants viewed

ChatGPT as a useful yet limited planning partner that provided scaffolding, motiva-

tional support, and reflection, while lacking adaptability and personalization.

The study for RQ2 introduces the Goal Oriented Long-term liFe task planning

(GOLF) framework, a multi-agent system leveraging LLMs to simulate human-AI col-

laboration in achieving long-term life tasks across domains like finance, medicine, edu-

cation, and professional development. The framework models both the user and system

components with LLM agents, facilitating iterative interactions where the user, rep-

resented by an LLM with predefined preferences, engages with system agents for step

planning, communication, information retrieval, and action instruction. The process

begins with setting a goal, initial user state, and background settings. An initial plan-

ner generates a high-level roadmap, which a step planner then refines into detailed

step plans, broken into subtasks of communication, information retrieval, and action

instruction for corresponding agents. The user agent responses to these action instruc-

tions, updates their states, and the cycle repeats to procced the long-term task.

Regarding the evaluation, the framework integrates task-centric effectiveness and

user-perspective uncertainty. This evaluation process is not for measuring absolute

model performance but aims to validate whether the simulation framework is

controllable and sensitive to different settings. Drawing from task management

and cognitive science, the evaluation adopts three types of uncertainty: outcome

uncertainty (ambiguity regarding the results of a plan), action uncertainty (lack

of clarity regarding the specific steps required), and intolerance of uncertainty (the

negative emotional response to these ambiguities) (Carleton et al., 2007; Maes et al.,
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2022). Experiments manipulate prompt quality to observe its impact on performance,

and ablation studies remove certain components to understand their contributions. The

results show that both prompt quality and components significantly influence planning.

High-quality prompts improve effectiveness, while user states are critical for aligning

plans with user needs. By measuring uncertainties, this study demonstrates how LLM

simulations can reveal both strengths and limitations in long-term life task planning.

The study for RQ3 develops the GOLF benchmark, a dataset designed to assess

the ability of LLMs to generate coherent and effective plans for complex, multi-step

tasks that individuals encounter in real life. The benchmark covers a diverse range of

topics such as financial planning, educational advancement, medical management, and

professional development. Specific task topics within these areas are validated by the

researcher to ensure they are representative and relevant. Task plans are generated

using a simulation based on the GOLF framework with different user states. These

plans are transformed into interactive recommendation scenarios. This approach cap-

tures a wide range of scenarios that users might face in long-term planning. This

study validates the benchmark data with both LLM and human judgments on a sam-

pled benchmark dataset. The results show that the benchmark task might be more

complicated for human annotators as the accuracy of assigning action instructions to

corresponding user states is close to random guessing, while LLMs can recognize corre-

sponding user states and action suggestions with higher accuracy. The full benchmark

measures a series of models, differentiating LLMs’ performance in terms of learning

and improving in long-term task planning.
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1.5 The research gap addressed by this study

Extending the concept of task from information tasks to broader work tasks, this

study aims to mitigate the increased uncertainty inherent in long-term life tasks, which

can impede users’ decision-making processes and progress toward goals (Selten et al.,

2012). This study advances research on human–AI collaboration by foregrounding

long-term life tasks as a distinct and meaningful context for studying LLM usages.

Through the interview study for RQ1, it contributes (1) empirical insight into how

users actually engage with conversational AI for long-term life task planning; (2) key

uncertainties users encounter when planning with AI and the related impacts; and (3)

design implications for AI systems that serve not only as scaffolds for success but also

as adaptive, reflective partners that help users navigate uncertainty, challenges, and

potential failure in long-term goals.

The simulation study for RQ2 demonstrates how LLM simulations can reveal both

strengths and limitations in long-term life task planning. The contributions include:

(1) a systematic framework for simulating long-term task planning, (2) empirical ev-

idence on how prompt design and component configuration affect outcomes, and (3)

a human-centered perspective on investigating LLMs in long-term human-AI collab-

oration. Furthermore, it develops a benchmark for RQ3 to generalize the findings of

the simulation study and contribute to the evaluation and development of the LLMs’

performance on supporting long-term life tasks.

Overall, this dissertation seeks to investigate and support users in planning long-

term life task and managing uncertainty, improving overall task performance in com-

plex, long-term life tasks. It advances the understanding of both the opportunities and

challenges presented by LLMs, which are crucial for designing systems that effectively
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support users’ information needs and decision-making processes in an ever-evolving

information and AI era.

1.6 Summary

The introduction chapter begins by discussing the fundamental concept of human

problem-solving, focusing on how individuals navigate complexities and uncertainties

in achieving their goals. It highlights the role of tasks as an actionable component in

problem-solving and introduces the challenges posed by uncertainty in dynamic and

incomplete information environments. The chapter then transitions to exploring the

potential of human-AI collaboration, with a particular focus on long-term life tasks.

The problem statement emphasizes the need for effective strategies to integrate LLM

into human workflows for long-term task planning and management. Additionally, it

introduces the LLM agent and planning, serving as the base of the main methodology.

Finally, it provides an overview of the study design, findings, and contributions, center-

ing on investigating LLMs to enhance long-term task planning and reduce uncertainty.

The next chapter presents a literature review, covering the key components of task

management, delves into the role of uncertainty in interactive information retrieval

studies, and examines both the potential and the challenges of using LLMs for long-

term task planning.
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Chapter 2

Literature Review

This chapter provides a review of the research in which the dissertation is situated. As

Figure 2.1 shows, the overall topic is under broad human problem-solving. To narrow

down the broad topic, I focus on three research domains related to human problem

solving, covering human goal setting and planning, which is in the task management

field; interactive IR and recommender system, which are the primary tools for informa-

tion access. In addition, it covers LLM-based agents and planning supporting human

tasks, which is under the AI field.

Several concepts, such as uncertainty, goal, and planning, are defined and oper-

ationalized differently depending on whether the focus is on human cognition and

behavior or on algorithmic representations. Because this dissertation investigates hu-

man long-term life tasks, the literature review intentionally focuses on human-centered

definitions and works of goal formation, task management, and uncertainty. At the

same time, the review also discusses selected approaches (e.g., interactive IR, recom-

mender systems, and LLM-based planning), as they are used to support human tasks.

Reviewing and discussing previous works in these areas paves the way to understanding

(1) why this dissertation study is important, (2) what are the available theoretical and

empirical supports from existing research, and (3) in which research area(s) the study

is advancing the knowledge.

22



Figure 2.1: Position of the dissertation study. It illustrates the interdisciplinary nature
of the study, locating the specific research focus at the intersection of Human Problem
Solving, Task Management, AI, and Information Access.
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2.1 Key components in task management

Management refers to the systematic planning, organization, and control of resources to

achieve specific goals (Fayol, 2016). Task management is an effective process for human

problem-solving, offering a structured approach to breaking down complex challenges

into manageable steps (Allen, 2015; Haraty et al., 2016). Methods for organizing tasks

and managing information enhance decision-making and productivity (Jones et al.,

2006). Listed in Figure 2.2, this section explains two key steps of task management:

goal setting and planning. I then discuss the effects and measurements of uncertainty

and explores tools and systems designed to support task management. It provides in-

sights for the framework and evaluation of human-AI collaboration in task management

and planning.

2.1.1 Goal setting

Setting a goal is the foundation of task management, which can guide individuals on

how to organize tasks, prioritize efforts, and achieve objectives (Bateman & Barry,

2012). Effective goal setting combines immediate, actionable goals with broader, long-

term objectives. Subordinate goals drive short-term productivity, while superordinate

goals provide purpose and direction (Höchli et al., 2018). Breaking tasks into subgoals

enhances organization and progress tracking. Research shows subgoal management

improves learning and retention by fostering self-regulated learning processes (Urgo &

Arguello, 2024).

Achieving subgoals or short-term tasks brings immediate rewards. These immediate

rewards can be enjoyment or a sense of progress, which are critical for maintaining

persistence in goal-related tasks (Woolley & Fishbach, 2017). Immediate benefits make
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Figure 2.2: Key components and concepts in task management. It describes four com-
ponents or aspects of task management, including Goal setting, Planning, Uncertainty,
and Systems, and listing the specific sub-elements relevant to this study under each
category.

it easier for individuals to stay motivated and engaged in their tasks. However, short-

term goals do not inherently lead to the achievement of long-term objectives smoothly

(Höchli et al., 2018). People may be satisfied with pursuing subgoals, but they may

not recognize or be aware of how these tasks contribute to a broader long-term vision

(Fishbach et al., 2006). This lack of awareness can create a disconnect, where the short-

term goals are without consideration of how they fit into the long-term achievement.

Managing long-term goals presents challenges, such as maintaining motivation over

extended periods, and dealing with uncertainty. There are external supports that can

help people with long-term goals. Traditional methods like metacognitive strategies

and life coaching have been used to improve long-term goal setting (Grant, 2003). In

addition, AI tools and gamification enhance goal setting by reducing procrastination

and aiding decision-making (Lieder et al., 2019). However, before individuals can

effectively manage long-term goals, they first need to recognize that they can manage

them. This includes developing awareness of their overarching goals, understanding
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the challenges involved, and learning strategies to sustain long-term motivation and

progress.

2.1.2 Planning

Planning is the cognitive process of generating and organizing a sequence of thoughts

or actions required to achieve a specific goal (Miller et al., 1968). Planning is deeply

rooted in the brain’s executive functions, which involve higher-order cognitive processes

distinct from routine task execution (Shallice, 1982). In personal development and life

coaching, planning plays a pivotal role in translating goals into actionable strategies.

As a tool for fostering clarity, motivation, and sustained action, planning not only

helps people define specific objectives but also enables them to anticipate obstacles

and formulate coping strategies (Neenan & Dryden, 2020).

David Allen’s Getting Things Done (GTD) method has become a cornerstone of

modern productivity systems. GTD emphasizes capturing all tasks and commitments

in a trusted system, clarifying next actions, and regularly reviewing priorities to main-

tain focus and reduce stress (Allen, 2015). This method divides planning into action-

able steps such as defining clear objectives, organizing tasks by context or priority, and

reflecting on progress. It highlights the psychological relief provided by externalizing

mental workload, allowing individuals to allocate cognitive resources more effectively.

Planning is not only essential for initiating behaviors but also for maintaining long-

term commitments. Sniehotta et al. (2005) distinguished between action planning,

which specifies how and when to act, and coping planning, which prepares for potential

challenges. Both types of planning are crucial for achieving sustained lifestyle changes,

such as adopting healthy behaviors. This dual-role of planning underscores its value as

a proactive tool for bridging the intention-behavior gap and fostering resilience when

facing obstacles.
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The relationship between planning and performance is highly task-dependent. Eich-

mann et al. (2019)’s study on complex problem solving reveals that the timing, dura-

tion, and variability of planning yield varying effects depending on the task’s complex-

ity. For example, early planning is beneficial for simple tasks, while distributed and

adaptive planning strategies are more effective for complex problems requiring explo-

ration. These findings suggest that planning is not a one-size-fits-all process but must

be tailored to the demands of the task. This adaptability is vital for fostering success

in dynamic and uncertain environments.

2.1.3 Managing uncertainty

Uncertainty is a pervasive element of human experience, influencing decision-making

and behavior across various contexts. Defined as the gap between what is known

and what needs to be known to make informed decisions, uncertainty manifests in

both quantifiable risks and unpredictable unknowns (Abbott, 2005; Hasani, 2018).

Uncertainty differs from risk in critical ways. While risk pertains to situations where

probabilities of outcomes can be calculated, uncertainty involves scenarios where such

probabilities are unknown or incalculable. Abbott (2005) frames uncertainty as both

an environmental factor and a byproduct of the planning process itself, as planners can

unintentionally introduce new uncertainties with specific plans and dependencies.

2.1.3.1 Effects of uncertainty

In organizational contexts, uncertainty shapes task execution and decision-making pro-

cesses. Maes et al. (2022) observed that uncertainty varies across project tasks, neces-

sitating flexible, iterative execution strategies to adapt to changing conditions. Sim-

ilarly, Savolainen (2012) linked uncertainty to information-seeking behaviors, empha-

sizing the role of uncertainty in triggering cognitive and affective responses that drive
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decision-making. These findings suggest that incorporating uncertainty into project

management frameworks can enhance organizational resilience and innovation. The

psychological impact of uncertainty is profound, often manifesting as anxiety driven

by an inability to predict or control future outcomes. Y. Gu et al. (2020) identified

Intolerance of Uncertainty (IU) as a key mediator linking uncertainty to negative emo-

tional states such as worry and inflexible responses. Miceli and Castelfranchi (2005)

framed anxiety as an “epistemic emotion”, rooted in the human need for certainty and

control over potential threats.

Integrating insights from organizational and psychological research reveals a holis-

tic approach to managing uncertainty. For organizations, uncertainty measurement

framework can inform workplace design and employee support initiatives (Leach et al.,

2013). On an individual level, interventions such as career planning and the use of IU

assessment tools can mitigate anxiety and promote adaptability (Arbona et al., 2021;

L. Chen & Zeng, 2021). Together, these strategies provide a roadmap for navigating

uncertainty in diverse settings, balancing practical and emotional considerations.

Considering the role of planning in terms of managing uncertainty, planning re-

frames the overall task uncertainty as an information problem (i.e., epistemic un-

certainty: uncertainty due to lack of knowledge, which can be reduced with more

information) (Walker et al., 2003). Planning can inform people of what is known,

what is needed, and what is expected (Christensen, 1985). By iterating and adjusting

plans, people can navigate the task through uncertainty, which enables more informed

decision-making.

2.1.3.2 Measurement of uncertainty

Measurement of uncertainty is critical for effective management. Leach et al. (2013)

developed a multi-dimensional framework for assessing work uncertainty, encompassing
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task, resource, and input/output dimensions. This tool allows organizations to evaluate

how uncertainty interacts with job control, influencing outcomes like job satisfaction

and performance. Maes et al. (2022) further distinguished Outcome Uncertainty (OU)

and Action Uncertainty (AU) from the overall work uncertainty. OU refers to the

ambiguity in the expected results of a task, AU relates to the uncertainty about the

specific actions required to complete a task. There are several factors influencing

the level of OU and AU. OU is primarily driven by information-related factors, such

as the availability, completeness, and reliability of relevant data. AU is shaped by

complexity-related factors, including the interdependencies between different actions,

and the adaptability of processes to dynamic conditions. Additionally, contextual

elements such as environmental volatility, resource capacity, individual expertise, and

time constraints contribute to both OU and AU. Assessing these factors can help people

perceive the level of uncertainty in a task and apply appropriate execution strategies

to mitigate risks and enhance project outcomes.

From the perspective of psychology, Intolerance of Uncertainty (IU) was introduced

to measure individuals’ emotional and cognitive responses to uncertainty (Carleton et

al., 2007). IU is a key psychological factor influencing worry, anxiety, and avoidance

behaviors. It is driven by cognitive, emotional, behavioral, social, and environmental

factors. Cognitive factors include a tendency to catastrophize uncertainty, and viewing

ambiguous situations as inherently threatening. Emotional factors involve stress, frus-

tration, or discomfort when faced with the unknown. Behavioral factors manifest in

avoidance of uncertain situations, excessive information-seeking, or an inability to take

decisive action in ambiguous situations. Additionally, social and environmental factors,

such as past experiences with unpredictable events or external pressures for certainty,
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can shape an individual’s level of IU. By assessing these factors, researchers and prac-

titioners can better understand how IU contributes to anxiety and decision-making

difficulties, helping to develop interventions to manage uncertainty more effectively.

2.1.4 Tools and systems supporting task management

Task management systems are tools designed to effectively plan, organize, and com-

plete tasks. While task management can be approached at both organizational and

individual levels, this study focuses on systems and research dedicated to personal task

management. Personal Task Management (PTM) is a focused subset of task manage-

ment that centers specifically on managing an individual’s personal tasks, time, and

priorities (Allen, 2015; Haraty et al., 2016; Jones et al., 2006). Complementing PTM,

Personal Information Management (PIM) focuses on organizing and maintaining dig-

ital and physical information resources, which can provide the contextual information

necessary for effective task management (Jones, 2010; Jones et al., 2017). Together,

PTM and PIM form a cohesive framework that supports individual productivity by

enabling users to manage both their tasks and the information needed to complete

them.

The field of personal task management has seen extensive research and develop-

ment, resulting in numerous systems aimed at improving individual efficiency. Bellotti

et al. (2004) provided the foundational work with valuable insights into how individu-

als naturally manage tasks and the role of external representations such as to-do lists.

Contrary to the assumption that people are poor at prioritizing, the study found that

users employ sophisticated strategies to organize tasks based on urgency and impor-

tance. The researchers emphasized the importance of adaptable tools that align with

user preferences, suggesting that effective task management systems must integrate

features for dynamic prioritization and context-aware organization.
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A. Hassan and White (2012) proposed the concept of “task tours,” designed to

guide users through multi-step, complex search tasks such as planning a vacation or

researching a topic. By identifying the necessary subtasks and presenting them as a

structured pathway, task tours help users comprehend and execute their objectives

more efficiently. This system demonstrates the value of providing holistic support in

complex scenarios where users may not be fully aware of all required steps. Expand-

ing on this, Hassan Awadallah et al. (2014) developed a method for identifying and

recommending subtasks using query logs from search engines. Their approach con-

structs a graph of related tasks, which aids users in exploring and tackling multi-step

tasks. This graph-based system leverages collective user behavior to suggest relevant

subtasks, offering a scalable solution for supporting exploratory and goal-driven search

activities.

Prediction and early warning systems have emerged as essential tools in task man-

agement (White & Hassan Awadallah, 2019; White et al., 2019). Takeuchi et al. (2013)

leveraged lifelog data to develop a task management system that predicts future work-

load using simple regression models. The system encourages users to alter their daily

activities based on anticipated task demands, promoting better preparedness and re-

ducing the risk of accumulating unmanageable workloads. Similarly, Mita et al. (2017)

introduced a system that predicts task failure based on user progress logs and cognitive

biases like the planning fallacy. By providing early warnings about potential failures,

the system helps users adjust their strategies and improve time management, achieving

a prediction accuracy of over 90% in certain scenarios.

Proactive systems highlight the potential of AI in reducing cognitive load for task

management. Yorke-Smith et al. (2012) developed a system to anticipate user needs
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and take initiative to perform tasks autonomously. This proactive behavior is par-

ticularly effective in environments with high cognitive demands, allowing users to fo-

cus on complex, strategic decisions while delegating routine activities. Myers et al.

(2007) introduced a project assistant, which integrates AI-driven planning and exe-

cution monitoring to streamline time and task management. This approach mirrors

human assistants, enhancing productivity by mitigating task overload and improving

decision-making processes.

While the systems above focus on task and information management, the related

field of Personal Informatics (PI) offers another important perspective. Rooted in HCI,

PI research focuses on systems that help individuals collect, visualize, and reflect on

personal data (I. Li et al., 2010). This domain typically involves tracking personal

information such as physiological states, daily activities, moods, or environmental fac-

tors (Kersten-van Dijk et al., 2017). The primary goal of PI systems is to foster

self-awareness and support behavior change or decision-making through data-driven

reflection on past and current states (Epstein et al., 2015; Rapp & Tirassa, 2017).

While this provides an invaluable foundation for self-understanding, its application

has predominantly been retrospective (helping users understand what they have done)

or focused on in-the-moment feedback (Rapp & Cena, 2016). While PI tools excel at

helping users “quantify” their lives, they often stop short of providing a comprehen-

sive system to help them “plan” their futures, especially in navigating the uncertainty

inherent in complex goals.

The advent of AI and LLMs has transformed traditional task management systems

by introducing dynamic, context-aware, and highly personalized solutions (De Zarzà et

al., 2023). Unlike static or rule-based systems, AI-driven tools leverage vast datasets

and machine learning to optimize task allocation, prioritize activities, and provide

real-time insights. Barcaui and Monat (2023) compared the efficacy of generative AI,
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such as GPT-4, with human project managers in planning tasks, revealing complemen-

tary strengths. While AI excels in automating repetitive and analytical components,

humans bring creativity and critical decision-making to the table, suggesting that a

hybrid approach holds significant promise.

LLMs offer unprecedented capabilities in understanding and managing complex

tasks. These AI tools can act as copilots in search tasks, breaking down complex

queries into manageable subtasks and assisting users in achieving their goals efficiently

(White, 2023). However, reliance on AI systems is not without challenges. Salimzadeh

et al. (2024) found that users faced with complex and uncertain tasks often over-

relied on AI, leading to errors in decision-making. Addressing these challenges requires

designing systems that not only enhance task completion but also foster appropriate

trust and reliance between humans and AI.

2.2 Interactive information retrieval for supporting

users in tasks

2.2.1 User task experience in IIR research

Interactive Information Retrieval (IIR) research focuses on understanding user behav-

ior and experience interacting with search systems and evaluating system or interface

features influencing user search tasks (J. Liu & Shah, 2019a). Different from system-

centric evaluations and relevance-based metrics, evaluation in IIR requires examining

not only the retrieved results but also how users interact with the system over mul-

tiple queries, considering user behaviors, cognitive processes, and system features in

completing search tasks (Petrelli, 2008).
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Some common evaluation metrics include relevance, usefulness, and satisfaction.

Relevance is a system-centric metric typically assessed by external judges, focusing on

whether retrieved documents match a given query in a single-query session (Zhai et al.,

2015). However, IIR involves multi-query interactions, requiring more user-centric met-

rics (Kelly, 2007). Usefulness refers to how well the retrieved information contributes

to accomplishing a search task. It is usually evaluated at the task level from the per-

spective of the user (Cole et al., 2009). Satisfaction, on the other hand, captures the

user experience in the search task, reflecting subjective perceptions of search success,

ease of use, and effort during the process (Al-Maskari & Sanderson, 2010). Beyond sat-

isfaction and usefulness, previous studies have investigated various user-centric metrics

based on their experience or perceptions, such as frustration, expectation, perceived

task complexity, and perceived time (Feild et al., 2010; J. Liu & Shah, 2019b; C. Luo

et al., 2017; B. Wang & Liu, 2023). These additional metrics help researchers develop

more holistic evaluations of user experiences in IIR.

User experience in IIR is related to information needs, search behaviors, and task

performance (J. Liu et al., 2019; Marchionini, 2003). Since searchers’ mental states

are not directly observable, IIR studies rely on explicit user interaction data (e.g.,

query reformulations, clicks, dwell time) and self-reported experience annotations (e.g.,

satisfaction) to infer implicit cognitive and emotional states (C. Liu et al., 2021). By

modeling search behavior and experience, researchers aim to improve system adaptivity

and provide personalized support to enhance task success.

Recent research suggests parallels between IIR and human interactions with LLM-

based chatbots (Skjuve et al., 2023). Like IIR users, LLM users engage in multi-turn

interactions, iteratively refining their prompts to achieve better responses (B. Wang et

al., 2024). This similarity suggests that methodologies from IIR research could inform

studies on user experiences with LLMs (Shah & Bender, 2024). Leveraging insights
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from IIR, it is promising to improve human-AI interaction frameworks that support

users in work tasks beyond search, improving their overall experience and task success.

2.2.2 Uncertainty in IR studies

Uncertainty is a fundamental concept in IR, playing a pivotal role in shaping users’

information-seeking behaviors and decision-making processes. It is constructed through

cognitive, affective, and situational dimensions, reflecting a complex interplay of inter-

nal and external factors. Cognitively, uncertainty often arises from knowledge gaps or

ambiguous information needs. Belkin (1980)’s Anomalous State of Knowledge (ASK)

model highlights this phenomenon, describing how users experience uncertainty when

they are unable to articulate their information needs effectively, which hampers query

formulation and retrieval performance. This cognitive basis of uncertainty underscores

the challenges users face in accessing relevant information in complex search environ-

ments (Chowdhury et al., 2011, 2014).

The affective component of uncertainty reveals how emotional states interact with

cognitive challenges during information retrieval. The ISP framework emphasizes that

uncertainty is most pronounced in the early stages of the search process, as users grap-

ple with incomplete or unclear information (Kuhlthau, 1991). While uncertainty tends

to diminish as users gather more information and refine their search strategies, some

forms of uncertainty persist, leading to anxiety, frustration, or even curiosity. Keller

et al. (2020) explains that uncertainty, rather than being solely negative, can moti-

vate exploration and learning, driving users to engage more actively with information

sources. This dual nature of uncertainty, as both a challenge and an opportunity, adds

complexity to its role in IR (Kuhlthau, 1991).

Uncertainty is not only a cognitive or emotional state but also a perception shaped

by the user’s interaction with information systems and tasks. Chowdhury et al. (2014)
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argue that uncertainty persists throughout the IR process, fluctuating as users en-

counter new challenges or incomplete solutions. This persistence may further trigger

biases such as confirmation bias, where searchers favor information that aligns with

their pre-existing beliefs, or availability bias, where they rely on easily accessible in-

formation rather than thoroughly evaluating sources (Azzopardi, 2021; J. Liu & Az-

zopardi, 2024). Moreover, uncertainty can impair cognitive load management, making

it harder to filter relevant from irrelevant information, especially in high-stakes or com-

plex domains, and lead to suboptimal decision-making (Adewale et al., 2017; M. M.

Luo & Nahl, 2019; Mestre, 2024). The relationships between cognitive biases and un-

certainty highlight the importance of designing information systems that guide users

to make informed decisions while helping them manage uncertainty effectively.

2.2.3 Improving user performance and experience in online

search and recommendation

Users often face significant challenges in achieving high task performance. The inherent

uncertainty in tasks can lead to anxiety and hinder effective information seeking, as

users may be unsure about where to begin or what information is needed in the early

stage of tasks (Kuhlthau, 1991; Vakkari, 2003). Improving user search performance

and experience with search system support is fundamental in information retrieval

(Huurdeman & Kamps, 2015). User search performance is shaped by many factors,

such as domain knowledge (Mao et al., 2018; Wildemuth, 2004), task complexity (J. Liu

& Shah, 2019b; P. Liu & Li, 2012), search skills, and search experience (Bailey, 2017;

Smith, 2017). Users from various domains with different levels of search experience

will perform differently on specific search tasks (Moraveji et al., 2011). Evaluating user

search performance usually involves assessing their success in the search task, which
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can be done through self-reports or analyzing user responses (J. Liu & Shah, 2019b;

Odijk et al., 2015). However, collecting user-generated annotations can be costly, so

there is a need for metrics that evaluate user performance with limited user annotations

and implicit feedback. Recent research has focused on online metrics for information

retrieval systems that combine offline metrics (e.g., relevance-based metrics) and online

user behaviors (Arguello, 2014). These metrics can reflect user search behaviors and

performance from multidimensional aspects (Hendahewa & Shah, 2017; J. Liu & Yu,

2021).

Proactive information retrieval aims to improve users’ search experience and per-

formance from the traditional search system with a reactive nature (Bhatia et al.,

2016). Users with different levels of search experience, domain knowledge, or informa-

tion literacy can all get support from proactive search systems (Huurdeman & Kamps,

2015; Savenkov & Agichtein, 2014; Smith, 2017). Query recommendation is a popu-

lar proactive information retrieval method that has demonstrated usefulness for users

engaging in various types of tasks (Hanauer et al., 2017; Hendahewa & Shah, 2015,

2017; Zahera et al., 2013). High-quality, collaboratively recommended queries created

by expert users can provide guidance to users and improve their search performance

(Harvey et al., 2015; Morris, 2008; Morris & Horvitz, 2007; Savenkov & Agichtein,

2014; Smith, 2017). Another aspect of assisting users is helping the search system

adapt to users’ states according to their behaviors (J. Liu & Yu, 2021; Rha et al.,

2016). The adaptive search system can improve search results during the dynamic

interaction between users and the search engine (J. Luo et al., 2014). When users are

struggling with search tasks, these proactive methods are supposed to assist users in

accomplishing tasks with positive interventions. Therefore, by accurately estimating

users’ search performance, queries from high-performance users can be collected to help

other users in the proactive information system.
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Conversational search and recommendation systems enhance the user experience

by enabling natural interactions that engage users and allow the system to learn from

interaction history (Trippas, 2024). Through conversational exchanges, the system can

ask clarifying questions to gather more information about the user’s preferences and

background, reducing ambiguity in user intent (Bi et al., 2021; Kiesel et al., 2024).

Additionally, by leveraging rich interaction history, the system can predict the next

recommended item more accurately to improve overall user satisfaction (Siro et al.,

2024).

In research on conversational search and recommendation, user states (e.g., intent,

satisfaction) are typically represented as labels in preexisting datasets (Farshidi et al.,

2024). Deep learning and NLP techniques are employed to simulate the conversa-

tional process and train models to improve the prediction of user states (S. Zhang &

Balog, 2020). Before the advent of LLMs, these studies primarily focused on model

architecture and NLP techniques for enhancing model performance, with task topics

constrained by the available datasets (Jannach et al., 2022; Sun & Zhang, 2018). LLMs

empower conversational search and recommendation systems by enabling more flexible

task expansion to general topics and supporting longer, more complex interactions (Lin

et al., 2025).
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2.3 Potential and challenges of LLM for the long-

term life task planning

2.3.1 Use LLMs for information access

LLMs present opportunities to mitigate challenges in IIR. LLMs enable conversational

context through multi-turn, dialogue-based interactions that integrate previous ex-

changes, making it easier to handle complex queries and refine search intents (Shah et

al., 2023). By leveraging prompt engineering, which encapsulates task context and user

perceptions into structured prompts, LLMs can generate more relevant and contextu-

alized responses (P. Liu et al., 2023). Unlike static IR systems, LLMs offer dynamic

interaction, providing real-time adaptability by refining responses based on iterative

user inputs and their evolving needs (L. Liao et al., 2023). Incorporating LLMs in

information access systems introduces transformative prospects, particularly through

multi-turn interactions that resemble traditional IIR processes (Shah & Bender, 2024;

Skjuve et al., 2023). However, harnessing LLMs in information access systems presents

pronounced challenges. Users encounter difficulties in query formulation or interpreting

search results, often due to cognitive barriers, which are common when initializing and

refining prompts during interactions with LLMs (Savolainen, 2015; Zamfirescu-Pereira

et al., 2023). These barriers often stem from task context and user states, such as

lack of prior knowledge, low familiarity level with the topic, high complexity, and inap-

propriate expectations, leading to potential misconceptions about how LLMs interpret

and respond (Ford, 1995; A. Hassan et al., 2014; Odijk et al., 2015; Savolainen, 2015;

B. Wang & Liu, 2022, 2023).
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2.3.2 LLM agent and planning

The concept of an LLM agent denotes an entity capable of performing intentional ac-

tions and encompassing autonomy, reactivity, proactiveness, and social ability (Park

et al., 2023; Schlosser, 2015). LLM agents are designed to facilitate everyday tasks

and improve task efficiency while reducing user workloads (G. Li et al., 2023; Xi et al.,

2023). The inherent ability of LLM agents to understand, decompose, plan, and sub-

sequently complete tasks is fundamentally attributed to their emergent reasoning and

planning capacities, exemplified through strategies like Chain-of-Thought (CoT) and

problem decomposition (Wei et al., 2022; Yao et al., 2022). Task planning and au-

tomation emerge as key functionalities of LLM agents. They can decompose complex

tasks into manageable sub-tasks, plan sequences of actions, and interactively explore

environments to achieve objectives (Huang et al., 2024; G. Li et al., 2023). The sophis-

ticated integration of LLM capabilities with task-specific strategies facilitates effective

task completion and automation, thereby offering practical value in enhancing effi-

ciency and accessibility for users (Wu et al., 2023). Existing work demonstrates that

LLMs can assist with long-term planning in simulated environments, such as travel

planning (J. Xie et al., 2024), research assistance (Schmidgall et al., 2025; Tang et al.,

2025), team collaboration (F. F. Xu et al., 2025), and even social interaction (Piao

et al., 2025), as well as real-world applications for programming, writing, and educa-

tion (Feng et al., 2024; Urban et al., 2024; B. Wang et al., 2024). Yet most remain

domain-specific, short-term, or lack insight into how real users collaborate with LLMs

in personal, open-ended, and uncertain long-term life tasks.
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2.3.3 LLM benchmark and LLM-as-Judge

Evaluating the performance of LLMs critically relies on the use of benchmarks (Chang

et al., 2024). A benchmark is a dataset with problems and solutions, designed to test

and measure the capabilities of LLMs across various tasks and domains. Some com-

mon benchmarks are employed to assess LLMs’ proficiency in language understanding

(Hendrycks et al., 2021), common knowledge reasoning (X. Li et al., 2023; Zellers et al.,

2019), code generation (M. Chen et al., 2021), and solving math problems (Clark et al.,

2018). The importance of these benchmarks lies in their ability to consistently evaluate

LLM performance, allowing for comparisons across different models. They enable the

assessment of performance on specific topics, ensure that evaluations are reproducible,

and ultimately facilitate the development and improvement of LLMs. For tasks related

to planning, there are also specialized benchmarks that test LLMs’ abilities in gener-

ating and applying plans for problem-solving. The TravelPlanner benchmark assesses

the model’s ability to organize and optimize travel plans based on user preferences

and constraints (J. Xie et al., 2024). Additionally, LLMs can generate plans to use

tools and solve complex problems in the benchmark designed for evaluating tool usage

planning (Kong et al., 2023; Ruan et al., 2023). Furthermore, LLM’s planning abil-

ity can be assessed based on general benchmarks (e.g., reasoning and math), and the

results demonstrate that planning can improve the model’s inherent problem-solving

capabilities. Such benchmarks are crucial for advancing our understanding of LLMs’

planning skills and their application in real-world tasks.

Developing the benchmark process includes obtaining accurate benchmark labels

(e.g., the correct answers to problems). The concept of LLM-as-Judge involves using

LLMs to replace human annotators in generating these labels, thereby automating

the evaluation process (L. Zheng et al., 2023). This approach is significant because it

can greatly enhance efficiency, reduce human bias, and allow for scalable assessments
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of model performance across vast datasets. LLM-as-Judge can be applied in various

areas, such as medical, financial, legal, educational, and other general areas (H. Li et al.,

2024). To build a reliable LLM-as-Judge process, it is essential to select an advanced

model, iteratively design clear evaluation instructions, and validate the alignment with

human judgments (J. Gu et al., 2024). Analyzing and improving the agreement with

human judgments can help refine the model’s accuracy, ensuring that the LLM can

effectively and consistently replicate human-level evaluations in specific task contexts

(Thakur et al., 2025).

2.3.4 Toward user-centric LLM

The development of human-LLM interaction holds significant potential in open-domain

tasks (Roller et al., 2021). Advancements in LLMs have broadened their application

from NLP tasks to more general and complex human tasks (Qin et al., 2023). Current

research often simulates multiple task domains, emphasizing automation with min-

imal human involvement. Human-centered LLMs require more human control and

participation (Gomez et al., 2025; Tu et al., 2024). Simulation is also a widely used

method in IIR and recommendation research, allowing researchers to model how a

user interacts with a search engine or recommender system when completing a task

(D. Maxwell & Azzopardi, 2016; S. Zhang & Balog, 2020). By simulating user inter-

actions, researchers can evaluate system effectiveness based on how well it assists the

simulated user in achieving their goal (Y. Zhang et al., 2017). Simulation studies offer

several benefits, including controlled experimentation, scalability, and the ability to

test system performance across various scenarios without requiring extensive real-user

participation (D. M. Maxwell, 2019).

Research in IIR and LLMs areas both highlight the importance of user experience,

evidenced by users’ mixed feelings of fascination and cognitive load interacting with
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LLMs, reflective of the serendipity and information overload in IIR (A. Hassan et al.,

2014; Odijk et al., 2015). Personalization in both domains enhances user interaction

dynamics, especially during query/prompt initiation and refinement. There are also

similar issues considering user satisfaction especially when users may end conversa-

tions or search tasks with satisfied outcomes instead of fully completion (Urban et

al., 2024). Developing users’ critical thinking and extending their interactions with

LLM by cross-checking the output might be necessary. Additionally, as LLMs are in-

creasingly being leveraged for educational purposes, assessing their efficacy in terms

of knowledge dissemination and learning facilitation has been suggested as a valuable

metric for evaluation (Gibson et al., 2023).

Recently, the evaluation of human-LLM interaction has garnered significant atten-

tion, especially as these models become increasingly used in human tasks. A compre-

hensive approach encompasses aspects such as task performance, user experience, and

general guidelines of human-AI interactions (Amershi et al., 2019; Lee et al., 2023).

With similar interaction processes and challenges, there are also notable parallels be-

tween the evaluation of human-LLM interaction and the assessment of IIR. Both areas

highlight the significance of user experience and perception. Another critical facet

enhancing user trust and comprehension is explainability in AI, which merits more

profound exploration (Kim et al., 2023; F. Xu et al., 2019). While these studies have

investigated the user experience in human-LLM interactions, none have thoroughly

examined these interactions in long-term life tasks. Thus, it is critical to design a

collaborative framework for managing long-term life tasks and consider the user’s role

within the framework.
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2.4 Summary

The literature review chapter situates this study within the broader domain of task

management, IIR, and human-LLM interactions. examines how previous research in

these areas relates to the newly proposed task type in this study, highlighting overlaps

and connections among these areas. It informs the design and scope of this study. The

foundation is established to understand the challenges and opportunities of combining

task management, interactive search and recommendation, and LLM-based solutions

for long-term planning and decision-making.
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Chapter 3

Methodology

The primary objective of this dissertation is to investigate how HAC can support long-

term life task planning and mitigate the associated uncertainty. While LLMs show

promise in general problem-solving, their application in supporting the complex, it-

erative nature of long-term life tasks remains unexplored. To address this gap, the

methodology proceeds in three logical stages: first, understanding real users’ experi-

ences and coping strategies; second, designing a framework to simulate this collabora-

tion; and third, evaluating LLM performance on these specific tasks. The methodology

is divided into three parts corresponding to the research questions: for RQ1, I recruited

participants to use ChatGPT to simulate AI-assisted planning and provide feedback

on AI-assisted task planning. For RQ2, I implemented the GOLF framework, a multi-

agent system leveraging LLMs to simulate human-AI collaboration for long-term life

task planning. I conducted experiments and metrics to evaluate the framework’s effec-

tiveness in task completion and uncertainty metrics. For RQ3, I developed the GOLF

benchmark by generating long-term life task simulations in different topics and user

states to evaluate and compare LLM performance.
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Figure 3.1: Overview of the methodology. It maps the three research questions (RQ1,
RQ2, RQ3) to their corresponding methodological phases: the user interview process,
the simulation study utilizing the GOLF framework, and the benchmark development.

3.1 An interview study on how people use generative

AI for long-term life tasks

This study employs a qualitative research design to explore how AI users cope with

uncertainty in long-term life task planning. The research consisted of two main com-

ponents: a warm-up study and an in-depth semi-structured interview. The warm-up

activity provided participants with a hands-on experience in AI-assisted task planning.
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Using the long-term goal defined during the warm-up as a reference, the interview

gathered participants’ feedback on their experience and and perspectives on human–AI

collaboration in long-term task planning.

3.1.1 Participant recruitment

As an exploratory study, the researcher conducted in-depth interviews with a small

number of participants to examine their contexts, motivations, and challenges in AI-

assisted long-term planning. This study recruited 14 participants (aged 20 to over 80)

with diverse educational and professional backgrounds, including students, engineers,

managers, educators, and researchers. Seven participants were recruited via informa-

tion schools’ mailing lists and professional networks, and the remaining through the

social media platform Reddit. Most participants reported using ChatGPT several times

a day for both professional (e.g., study or work-related tasks) and personal purposes

(e.g., health, daily schedule, or learning). Each study session (including the warm-

up and interview) lasted around two hours. Each participant received $30 USD as

compensation. The study was approved by the University of Oklahoma’s Institutional

Review Board (IRB# 16081).

3.1.2 Warm-up activity and interview

Participants first engaged in a warm-up activity designed to simulate AI-assisted long-

term task planning using ChatGPT. I, as the researcher, collected demographic infor-

mation and asking about participants’ previous experiences of using ChatGPT or ideas

for tasks where it might assist planning. The selection of the planning topic was a col-

laborative process to ensure relevance to the study’s focus on long-term life tasks. This
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selection involved a brief discussion regarding the participant’s prior history with Chat-

GPT or tools. If the participant had previously consulted ChatGPT on a life-related

topic requiring long-term planning, the researcher encouraged them to continue ex-

ploring that topic to capture ongoing user needs. In cases where participants had no

prior relevant history, the researcher guided them to brainstorm new topics of personal

interest that fit the criteria of a long-term life task (i.e., a task requiring extended time

and planning to complete). The researcher’s role was primarily to screen these topics

to ensure they met the requirements of the study, without imposing specific domains.

Examples of goals include pursuing higher education, starting a career, or adopting a

healthier lifestyle. The researcher did not measure or limit the topic complexity and

timeframe, which allowed exploration of diverse strategies and challenges.

When interacting with ChatGPT, Participants could choose to use their own prompts

or templates provided by the researcher. The prompt templates included three ver-

sions, each reflecting a step in generating and refining task plans. The first template

generally included the participant’s long-term goal and current state: “I am [state],

can you provide me with a [topic] plan.” The second template asked for details about

a specific part of the plan generated in the first prompt: “For [a specific part], can

you provide me with a [step-by-step/weekly] plan.” The third template added more

contextual information and asked ChatGPT to revise the plan: “For [a specific part],

I have [preference/consideration], can you revise the plan.” Participants using the pro-

vided templates received an initial task planning outline from ChatGPT and discussed

any immediate impressions. They could then provide additional details about their

situation or preferences to generate or revise content in the second and third prompts.

Participants using their own prompts engaged with ChatGPT more flexibly, decid-

ing what aspects of planning to explore. The researcher occasionally offered prompt

templates if participants needed guidance. Participants used a free ChatGPT account
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provided by the researcher. The system’s Memory function, which allows the model to

retain user details and preferences across different conversation sessions, was explicitly

disabled. Since a single lab ChatGPT account was shared among all participants, this

measure was necessary to prevent cross-contamination, ensuring that information pro-

vided by one participant would not be recalled by the model to influence subsequent

sessions.

Throughout this process, participants were encouraged to think aloud and discuss

the usefulness of the AI-generated task decomposition. They reflected on how this

AI-assisted planning compared to their usual non-AI methods, noting any insights or

discrepancies. During the warm-up activity, the researcher asked participants inter-

view questions about their experience after reviewing each ChatGPT response. As

shown in Table 3.1, following the initial question on task topic selection, the interview

consisted of four main sections exploring participants’ experiences with AI-assisted

long-term task planning. Part 1 examined participants’ first impressions of Chat-

GPT’s responses; Part 2 focused on experiences of uncertainty during planning; Part 3

addressed usefulness and limitations on specific task components; and Part 4 captured

broader reflections, expectations, and suggestions for improvement.

These interview questions were adapted to each participant’s task topic and back-

ground to ensure relevance. For example, if a participant expresses interest in film

making, an example question can be tailored to: How do you think AI can help you

learn film making or create a structured plan for learning? This approach makes the

questions more concrete and personally meaningful. Additionally, technical concepts

were adjusted based on participants’ background knowledge. For instance, instead of

referring to “model version or size,” the question can be framed in terms of “free or

paid ChatGPT account” to make it more accessible to participants. Such phrasing

helped maintain clarity and engagement.
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For questions in part 2, the interviewer first introduced the concept of task uncer-

tainty, explaining its two example forms: outcome uncertainty, where individuals are

unclear about what they want to achieve, and action uncertainty, where they are un-

sure about the steps needed to reach their goals. Participants were encouraged to share

their opinions on how uncertainty impacts long-term life task planning. The discussion

would highlight that while uncertainty can motivate exploration and creativity, it can

also increase anxiety. This section thus examined how different uncertainties emerge

and how users perceive and manage them.

To capture participants’ immediate reactions and ensure feedback was contextually

relevant, interview questions were flexibly integrated into the warm-up activity rather

than restricted to a post-session format. After the activity, the interview continued to

cover any remaining questions not previously discussed. This was common for questions

in parts 3 and 4 (task planning details and other aspects), where participants discussed

retrospective perceptions and high-level preferences, such as “Which part of the plan do

you find most helpful?” and “How would you like ChatGPT to explain its reasoning?”

3.1.3 Interview data analysis

The researcher first organized participants’ background information and prompt behav-

iors in tabular form to support cross-case comparison. The researcher manually tagged

prompts according to their functional roles (e.g., goal setting, task decomposition, re-

finement, contextualization) and mapped them to different phases of task planning.

This facilitated the identification of prompting patterns and engagement styles.

To account for differences in prompting behavior, the study has different foci be-

tween template-based and self-generated prompts. For participants who mainly used

templates, the study examined how these prompts served as starting points to explore
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AI-assisted planning and stimulate reflection. For those who wrote prompts indepen-

dently, the study focused on their natural prompting patterns to understand how users

might organically engage with ChatGPT in real-life planning scenarios.

The interview data were analyzed using a reflexive thematic analysis approach

(Braun & Clarke, 2006, 2019), combining deductive coding guided by the research

questions with inductive identification of emergent themes. The analysis focused on

participants’ goals, strategies, uncertainties, and perceptions of AI-assisted long-term

task planning.

For the interview transcripts, the lead researcher followed six phases of reflexive the-

matic analysis: (1) familiarization through repeated reading of transcripts; (2) iden-

tifying features related to the research questions; (3) generating initial codes both

deductively and inductively; (4) organizing related codes into broader themes; (5) re-

viewing and refining these themes; and (6) defining and naming them, supported by

representative quotes. While deductive codes reflected the study’s analytical focus

(e.g., task types, planning strategies, uncertainty types, perceptions of AI assistance),

inductive coding captured unexpected concerns or novel strategies.

To enhance rigor, the researcher iteratively refined the codes and themes through

repeated engagement with the data and incorporated feedback from the dissertation

advisor, as the second researcher. The second researcher reviewed the coding framework

and emergent themes, offering an external perspective for validation. In line with

reflexive thematic analysis, this study did not calculate inter-coder reliability metrics,

as themes were treated as interpretive patterns rather than objective entities (Braun

& Clarke, 2006, 2019). Instead, analytic consistency was ensured through systematic

engagement with the data, iterative refinement, and transparent reporting by providing

representative quotes for each theme in the findings. Quotes were selected to illustrate
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both typical and divergent cases, ensuring that the reported themes reflected the range

of participant experiences.
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Table 3.1: Interview questions. It lists the semi-structured interview questions cat-
egorized by four distinct parts (Initial impression, Uncertainty, Details, and Other
aspects), designed to elicit user feedback on AI-assisted planning.

Part 0 Task planning topic

•Can you think of a specific task or goal in your life where AI could help you plan

or organize things over a long period?

Part 1 Initial impression

•How do you think the plan is useful?

•How do you feel ChatGPT understands your background when helping you with this task?

•If you weren’t using ChatGPT, how would you usually plan for this kind of task? How

does that compare with using ChatGPT?

•(If using the provided prompt templates) How do you feel about the way ChatGPT

breaks down your task? What do you like or dislike?

Part 2 Uncertainty in task planning

•Which part of the AI-assisted plan made you feel uncertain?

How did that uncertainty affect your emotions or behavior?

•How do you think AI is able to help reduce uncertainty or made it easier to deal

with it in this planning process?

•What kinds of uncertainty might you face if you were using non-AI methods instead?

Part 3 Task planning details

•Which part of the plan do you find most helpful?

•Which part do you think ChatGPT struggles with when helping with your task planning?

•Do you have any suggestions for how ChatGPT could improve in any specific

part of the planning process?

Part 4 Other aspects

•Do you have a paid ChatGPT account? How do you think the paid version of

ChatGPT performs better for this kind of task planning?

•Would you prefer ChatGPT to give you multiple solutions to a problem,

or just one clear path? Why?

•How would you like ChatGPT to explain its recommendations or reasoning to you?

•Do you think AI-assisted planning affects your ability to make your

own decisions in any way?

•What other changes or features would make AI-assisted task planning

more useful or effective for you?
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3.2 Human-AI collaboration simulation framework

This section introduces the GOLF framework, explaining its components and the eval-

uation process. It demonstrates the framework’s working process through a planning

example. Following this, it conduct large-scale experiments to explore how variations in

prompts and components influence the framework’s outcome. The experiments aim to

assess the effectiveness of the GOLF framework and its evaluation without any training

or modification to the LLM base model. This section anticipates addressing RQ2 by

validating the impact of task decomposition in long-term task planning via simulation

based on the GOLF framework and evaluation. Task topics include two representative

domains: house purchasing (financial) and obesity management (health).

Figure 3.2: The task planning process at the ith step in the GOLF framework. It
illustrates the cyclical workflow of the GOLF framework, showing how the User agent
and System agents interact through specific steps to generate and evaluate plans iter-
atively.

Figure 3.2 illustrates the task process within the GOLF framework, which operates

on a multi-agent system designed to facilitate user support and workload distribution

for achieving long-term goals. This framework simulates the user-system interaction

process in completing a life task. The user is simulated by an LLM agent. The
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system involves multiple LLM agents, including an initial planner, a step planner, task-

specific (communication, information retrieval, and action instruction) agents, and an

evaluator. Specifically, the framework utilizes the following notations to represent the

state and outputs:

• g: A fixed, short statement defining the long-term goal (e.g., “I want to buy a

house”).

• si: The user state at iteration i. s0 denotes the preset initial statement (e.g., “I

am not familiar with the task and want to start from the beginning”).

• P⊣}⌉\⊔: the system prompts for the LLM agents

• p0: The initial plan with general activities and tasks.

• pi: The detailed step plan generated by the planner at iteration i, which is

decomposed into subtasks {pc
i , pr

i , pa
i }.

• ci, ri, ai: The specific outputs generated from the communication, information

retrieval, action instruction components respectively.

The agents process the task simulation as follows:

0. Initiation: Set goal g, user state s0. This setup allows for controlled variation in

user preferences and task topics.

1. Initial planning: An LLM agent generates an abstract initial plan p0 based on a

prompt P0, the brief goal statement g and the user’s initial state s0. The initial

plan outlines broad activities, tasks, and subtasks toward the goal:

p0 = LLM
(
P0, g, s0

)
, (3.1)
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where LLM represents a single LLM instance, which is only created once with

the prompt P0 and does not engage in subsequent iterations. The initial plan p0

provides a high-level roadmap and is generated only once at the beginning of the

process.

2. Step planning: Using p0 and the user’s progress si−1, i = 1, . . . , n, n ∈ Z, the

step planner generates a step plan pi which expand the task outline with more

detailed subtasks:

pi = Planner
(
g, p0, si−1

)
. (3.2)

Unlike the standalone LLM, AgentName (e.g., Planner) represents an LLM-

based agent configured with a specific prompt Pagent and participates in each iteration

of the step planning process.

The step plan pi = {pc
i , pr

i , pa
i } contains three subtasks, including communication

pc
i , information retrieval pr

i , and action instruction pa
i tasks, each assigned to corre-

sponding LLM agents for execution. This task decomposition and assignment follow

the empirical task management strategies (Allen, 2015).

Subtask execution and plan update:

3. Communication with the user: The communicator agent chats with the user to

collect personal information ci ( e.g., preferences and considerations) according

to pc
i :

ci = Communicator
(
pc

i |User
)
, (3.3)

where the user is simulated by an LLM agent User with a prompt Pu that

includes pre-defined background and task-specific preferences. Simulating the

user is a common approach in previous IR and recommendation research (D.

Maxwell & Azzopardi, 2016; S. Zhang & Balog, 2020). It has become more
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prevalent after LLMs demonstrated abilities in interactive agents with humanoid

behaviors (Park et al., 2023; Tan & Jiang, 2023).

Then, the planner incorporated personal information ci to tailor the information

retrieval plan to the user’s specific needs and preferences: p̂r
i = Planner

(
pr

i , ci
)
.

4. Information retrieval: The retrieval agent simulates searching for information

online according to the user-centric plan p̂r
i and generates relevant information:

ri = Retrieval
(
p̂r

i

)
. (3.4)

Then, the planner incorporated both personal information ci and generated “on-

line” information to update the action instruction plan p̂a
i = Planner

(
pa

i , ci, ri
)
.

5. Action instruction: The action instruction agent transforms the plan p̂a
i to in-

struction for the user on how to take actionable steps or interact with the real

world to bridge the gap between planning and execution in the simulation:

ai = Actioner
(
p̂a

i

)
. (3.5)

6. User engagement: The user follows the plan and provides updates on the current

state

si = User
(
ai

)
. (3.6)

Steps 2-6 are iterative as the process continues until the user completes the final

goal. The updated user state si provides essential task progress and feedback to the

system, allowing The step planner to generate revised plans for subsequent steps pi1 =

Planner
(
g, p0, si

)
. The updated plan undergoes another cycle of collaboration by the
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three agents. For a complete overview of the initial settings and prompts used in this

framework, including g, s0, P0 and Pagent, please refer to Appendix A1.2.

3.2.1 Evaluation of the effectiveness of the framework

To assess the effectiveness of the GOLF framework in simulating long-term life task

planning and completion, this study designs a comprehensive evaluation method focus-

ing on several key components of the framework. This evaluation aims to understand

how the framework impacts task completion, user engagement, and adaptability across

iterations. The evaluation consists of defining evaluation targets and metrics, the

evaluation procedure using both LLM and human evaluators, experiments on prompt

quality control, and two types of ablation studies.

3.2.1.1 Evaluation targets, procedure, and metrics

The evaluation focuses on the following components at each iteration i:

• Step plan evaluation ep
i : Assessing the overall quality of the step plan pi in

relation to the user’s previous state si−1.

• Conversation evaluation ec
i : Evaluating the quality of the conversation ci

between the communicator agent and the user, focusing on how well it elicits

user needs and reduces task uncertainty considering the user’s previous state

si−1.

• Information retrieval plan evaluation er
i : Assessing the usefulness of the

information task plan pr
i in terms of the contributions to help the user at the

state si−1.
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• action instruction evaluation ea
i : Assessing the appropriateness and quality

of the action instruction ai instructions in terms of workload and alignment with

the user state si−1.

Thus, for each component, the evaluation can be represented as

ex
i = Evaluator

(
xi, si−1

)
, (3.7)

where xi is the evaluation target, and Evaluator is the evaluation procedure conducted

by an LLM agent or human annotators.

During the evaluation procedure, the evaluator is provided with a scenario and role

instruction. For example, the scenario may describe a simulated user whose goal is

to apply for a Ph.D. program. The user’s current state might be at the beginning of

the information searching, and the task context involves collecting information about

Ph.D. programs. The role instructions guide the evaluator to act as this user, following

consistent guidelines and metrics to assess the components.

The effectiveness metrics captures how well outputs recognize user state and ad-

vance the task. This evaluation process is not for measuring absolute model perfor-

mance but aims to validate whether the simulation outcome is controllable and sensitive

to different settings. The evaluation metrics listed in Table 3.2 are designed to com-

prehensively assess the framework’s effectiveness in recognizing the user’s state and

facilitating progress toward the goal. Each metric focuses on a specific component

of the framework and employs a 5-point scale to measure effectiveness or usefulness.

These metrics capture both the system’s ability to recognize and respond to the user’s

current state and its effectiveness in aiding the user to proceed toward their goal. The

metrics are justified in their design as they collectively ensure that the framework is
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user-centric, adaptive, and goal-oriented. They focus on key aspects such as respon-

siveness to the user’s needs, the utility of the information needed, the practicality of

action plans, and the actual progress made by the user. Specifically, there are indi-

cators added in the evaluation prompts for effectiveness to distinguish good and bad

task outcomes.

Table 3.2: Evaluation metrics for system effectiveness. It defines the effectiveness
metrics used to evaluate different framework components (Step plan, Communication,
Information, Action, User state), scored on a 5-point scale. (Detailed descriptions and
rubrics are provided in the appendix Table A.2.)

Metric Description

Step plan

effectiveness

Assesses how effectively the planner recognizes the

user state and provides an appropriate action

(proceed, update, revise) aligned with that state.

Communication

effectiveness

Evaluates how effectively the communicator’s ques-

tions extract meaningful information from the user,

considering the corresponding recognized user state.

Information

retrieval

usefulness

Assesses the usefulness of the information retrieval

tasks provided by the step planner, focusing on their

relevance and contribution to task completion.

Action instruction

effectiveness

Measures the effectiveness of the action instruction in

enabling the user to proceed, update, or revise the task.

User state

update

effectiveness

Evaluates the effectiveness of the user’s progress

after following the action plan, focusing on whether

the update indicates progression toward the goal.

5-point scale: 1 not effective (useful) → 5 highly effective (useful)

Specifically, to provide a clear operationalization of “effective planning,” the evalu-

ation prompts for the LLM evaluator were augmented with specific indicators. These

indicators were designed to help the evaluator distinguish between high-quality (good)
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and low-quality (bad) task outcomes, ensuring the evaluation aligns with the frame-

work’s user-centric function. For example, in the effectiveness evaluation for the step

plan, the evaluator is instructed to check for positive indicators such as “Context Fit”

(i.e., the plan matches the user’s current progress and specific challenges) and “Respon-

siveness to User State” (i.e., it considers the user’s emotional and motivational state,

such as uncertainty or fatigue). Conversely, the evaluator is guided to identify subtle

signs of a “bad” task, such as “Detached Planning” (suggesting steps that look logical

on paper but ignore what the user actually needs next) or “Superficial Informativeness”

(providing information that sounds useful but doesn’t help the user understand their

own situation or make tangible progress). This operationalization ties the effectiveness

metric directly to the user’s immediate context and their potential uncertainty, rather

than just abstract goal completion. The detailed prompt instruction is provided in

Appendix 1.4 for the step plan effectiveness evaluation.

In addition to the effectiveness metrics, the study also designed uncertainty metrics

to assess how the system influences users’ perceptions of uncertainty across all compo-

nents. These metrics aim to evaluate three key aspects: outcome uncertainty, action

uncertainty, and intolerance of uncertainty. By measuring users’ perceived uncertainty

before and after interacting with the components, it can gain insights into how effec-

tively the system reduces uncertainty and supports users in progressing toward their

goals.

The uncertainty evaluation involves three statements listed in Table 3.3, each tar-

geting a specific aspect of uncertainty. Outcome uncertainty assesses how uncertain

the user is about the potential outcome of the plan and whether this uncertainty hin-

ders task progression. Action uncertainty evaluates the user’s uncertainty regarding

the actions required to complete the task and whether they are able to follow the plan.
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Intolerance of Uncertainty measures the user’s intolerance level with uncertainty in the

situation and how it impacts their planning, action, and overall ease.

For each statement, users indicate their level of agreement on a 5-point Likert

scale ranging from strongly disagree to strongly agree. These metrics are essential for

understanding not only the effectiveness of the components themselves but also their

impact on users’ confidence and ability to manage uncertainty.

Table 3.3: Evaluation metrics for perceived uncertainty. It presents the specific state-
ments used to measure three dimensions of user-perceived uncertainty (Outcome, Ac-
tion, and Intolerance), rated on a 5-point Likert scale. (Detailed descriptions and scales
are provided in the appendix Table A.3.)

Metric Statement

Outcome

uncertainty

I am not clear about the outcome of the plan, and this

uncertainty makes it difficult to proceed with the task.

Action

uncertainty

I am not clear about the actions required to complete the task,

and this uncertainty makes it difficult to follow the plan.

Intolerance of

uncertainty

Uncertainty in this situation makes it difficult for me

to plan, execute actions, or feel at ease.

5-point scale: 1 strongly disagree → 5 strongly agree

3.2.2 Pilot study and analysis of an example generated by the

GOLF framework

This section presents a pilot study to assess the feasibility of the simulation using

an example. The example demonstrates a segment of long-term planning in obesity

management, covering initial planning and the first iteration of step planning, including

communication, information retrieval, action instructions, and user feedback. Each

component in the iteration is evaluated for uncertainty and effectiveness. The example

is generated by the GOLF system, and it serves to demonstrate the framework in
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practice. The evaluation is conducted manually to clarify how the study expects to

measure and justify the evaluation of generated content.

Figure 3.3 illustrates the initial planning stage, where the simulated user provides

a goal (i.e., undertake obesity management due to obesity concerns) and the current

state (i.e., unfamiliar with the task and wants to start from the beginning). The initial

planner then generates an outline of activities and tasks, resembling a typical one-turn

interaction between a user and an LLM. The initial plan itself is not evaluated in this

study, as its complexity and quality can vary depending on the initial prompt. Since

this falls under one-turn interaction evaluation, it is beyond the study’s focus.

User:
I am planning to undertake obesity management due to obesity concerns.

I am unfamiliar with the task and want to start it from the beginning.

Initial Planner:
Goal: Undertake a structured obesity management program to achieve a health-
ier weight.

• Activity 1: Assess Current Health Status

– Task 1: Consult with a Healthcare Professional: Schedule an
appointment with a doctor or nutritionist to discuss your obesity
concerns and get a health assessment.

– Task 2: ...
– Task 3: ...

• Activity 2: Develop a Personalized Weight Management Plan
• Activity 3: ...

Figure 3.3: Initial planning. This snippet shows the Initial Planner generating a high-
level goal and activity list based on user input, establishing the roadmap for the sim-
ulation.

The pre-study uncertainty is assessed based on the user’s initial state. As shown

in Figure 3.4, the outcome uncertainty is rated at 4, indicating a lack of information

about the expected results. The action uncertainty is rated at 5, reflecting the user’s

unfamiliarity with the task and uncertainty about how to proceed. The intolerance
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of uncertainty is rated at 3, suggesting that while the user experiences uncertainty, it

does not significantly impact their state of mind. The pre-study uncertainty should

remain constant for the LLM evaluator but may vary for the human evaluator. This

measure is implemented to mitigate individual differences in human evaluation.

(System sends the goal and the user state to the evaluator)

Evaluator:

• Outcome uncertainty: 4 The outcome is unclear, with significant
ambiguity. Missing information, expectations, or unpredictable external
influences make it difficult to plan effectively.

• Action uncertainty: 5 The actions are highly ambiguous or unknown.
• Intolerance of uncertainty: 3 The user is neither overly distressed nor

fully comfortable with uncertainty in the situation.

Figure 3.4: Pre-study uncertainty annotation. This shows the Evaluator’s baseline
assessment of the user’s pre-study uncertainty levels before step planning begins.

After generating the initial plan, the system sends it along with the user’s initial

state to the step planner. As Figure 3.5 shows, the step planner then analyzes the cur-

rent progress and suggests step tasks in three categories: communication, information

retrieval, and action instruction. Given that the user is unfamiliar with the task and

starting from the beginning, the step plan should prioritize gathering user information,

searching for local healthcare resources, and scheduling an appointment.

The evaluation of step planning includes both effectiveness and uncertainties, as

shown in Figure 3.6. The effectiveness is rated at 4, as the step planner accurately

recognizes the user’s state and provides an appropriate plan. The plan is effective, as

initiating contact with a healthcare professional is a logical starting point for the task.

However, it does not fully identify the necessary user communication tasks, preventing

the step plan from receiving the highest score (5 – very effective).

At this stage and in subsequent processes, uncertainties are measured as post-study

uncertainty, assessed after the evaluator reviews the task planning components. Here,
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(System sends the initial plan and current user state to the step planner)

Step Planner:
Progress: The user is at the beginning stage of the obesity management pro-
gram and needs to assess their current health status.
Tasks:

• Communication Task: Schedule an appointment with a healthcare
professional.

• Information Retrieval Task: Research local healthcare professionals or
nutritionists.

• Physical Action Task: Prepare for the health assessment by noting any
health concerns or questions to discuss during the appointment.

Figure 3.5: Step planning. This snippet displays the Step Planner breaking down
the current progress into specific Communication, Information Retrieval, and Physical
Action tasks.

both outcome and action uncertainties are rated at 3, indicating a decrease compared

to the pre-study uncertainty. However, since the plan lacks details about the expected

outcome of this process, its contribution to the final task, and sufficient specificity in

the actions, a moderate level of uncertainty remains. The intolerance of uncertainty

remains at 3, unchanged from the pre-study measurement.

(System sends the step plan and the user state to the evaluator)

Evaluator:

• Effectiveness: 4 Effective: The system recognizes the user’s state
correctly and provides an appropriate plan. The plan covers necessary
details. It explores alternative options to address potential issues.

• Outcome uncertainty: 3 The outcome has some clarity but includes
areas of uncertainty. There may be gaps in information, expectations, or
external influences that could affect results.

• Action uncertainty: 3 Some uncertainty exists about the actions
required. The task may involve moderate complexity, unclear steps, or
dependencies that could impact execution.

• Intolerance of uncertainty: 3 The user may appreciate planning but do
not find uncertainty paralyzing.

Figure 3.6: Evaluation of the step plan. This shows the Evaluator rating the effective-
ness and uncertainty levels of the generated Step Plan
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The next component is communication between the agent and the user, as shown

in Figure 3.7. The agent generates questions to gather key details on the user’s health

concerns, past consultations, goals, dietary preferences, and appointment timing. The

user responds, confirming no prior medical guidance, outlining weight loss and health

improvement as goals, and expressing urgency in scheduling an appointment.

(System sends the communication tasks to the communication agent)

Communication Agent:

• What specific health concerns or conditions do you currently have that
may affect your obesity management?

• Have you previously consulted with any healthcare professionals regarding
your weight management?

• What are your main objectives for this obesity management program (e.g.,
weight loss, improved fitness, better health markers)?

• Are there any specific dietary or exercise preferences you would like to
discuss during your appointment?

• How soon are you looking to schedule this appointment?

User:
I’m looking to start from the beginning with my obesity management.

I have a few health concerns that might affect my plan, and I want
to make sure I address them properly. I haven’t consulted with any

healthcare professionals about my weight management before, so I’m
open to guidance. My main objectives are weight loss and improving

my overall health. I also have some dietary preferences I’d like to dis-
cuss. Ideally, I’d like to schedule the appointment soon to get started.

Figure 3.7: Communication between the agent and the user. This illustrates the dia-
logue where the Communication Agent asks clarifying questions and the User provides
specific details to refine the plan.

The evaluation of the communication component is shown in Figure 3.8. The effec-

tiveness is at 4, as the questions are relevant and extract necessary details, though the

user does not express specific concerns. Outcome uncertainty is rated at 3, indicating

some clarity but remaining gaps in expectations or external information. Action un-

certainty is low at 2, as the next steps are mostly clear and manageable. Intolerance
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of uncertainty is also 2, suggesting the user can tolerate some ambiguity without it

interfering with planning.

(System sends the communication and the user state to the evaluator)

Evaluator:

• Effectiveness: 4 Effective: The questions are relevant and useful. Extract
necessary details and reflect on previous issues.

• Outcome uncertainty: 3 The outcome has some clarity but includes
areas of uncertainty. There may be gaps in information, expectations, or
external influences that could affect results.

• Action uncertainty: 2 The actions are mostly clear, with minimal
uncertainty. The complexity is low, and the task is manageable.

• Intolerance of uncertainty: 2 The user can generally tolerate
uncertainty in the situation but may prefer some information. Occasional
uncertainty does not interfere with the actions or planning.

Figure 3.8: Evaluation of the communication. This displays the evaluation of the
communication, assessing its effectiveness and uncertainty metrics.

The next step is updating the information retrieval plan and generating informa-

tion, simulating an online information retrieval process, shown in Figure 3.9. Based on

the user’s progress, the step planner maintains the original retrieval task of research-

ing local healthcare professionals or nutritionists. The information retrieval agent then

identifies sources such as health directories, professional associations, and online review

platforms. However, instead of directly providing specific details, such as healthcare

locations and contact information, the agent misinterprets the task and merely suggests

where the user can search for this information. This oversight can reduce the effective-

ness of the retrieval process, as the user is left to conduct further information-seeking

rather than receiving available information.

Therefore, in the evaluation shown in Figure 3.10, the effectiveness is rated at 1,

indicating that the generated information is not useful. The agent misunderstood the

task, generating tasks for the user rather than providing the necessary information,

which failed to contribute to the step task. Outcome uncertainty is high at 4, due
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(System sends the communication to the step plan-
ner to update the information retrieval task)

Step Planner:
Progress: User is preparing to schedule an appointment with a healthcare pro-
fessional for obesity management and is gathering health concerns and dietary
preferences to discuss. Tasks:

• Information Retrieval Task (unchanged): Research local healthcare
professionals or nutritionists.

(System sends the information retrieval tasks to the information retrieval agent)

Information Retrieval Agent:

• Information Task: Research local healthcare professionals or
nutritionists.

• Information Source: Local health directories, professional associations,
and online review platforms.

• Collected Information:

– To find local healthcare professionals or nutritionists, you can check
health directories such as Healthgrades, Zocdoc, or Yelp.

– Professional associations like the Academy of Nutrition and Dietetics
provide a ”Find a Nutritionist” tool.

– Local community health centers or hospitals may also have lists of
affiliated nutritionists and healthcare providers.

– Online reviews and ratings can help assess their credibility and
services.

Figure 3.9: Generating the online information. This shows the Information Retrieval
Agent simulating an online search to gather external resources based on the plan.

to significant ambiguity and missing information that complicates effective planning.

Action uncertainty is rated at 3, reflecting some complexity and unclear steps in the

task execution. The intolerance of uncertainty is also high at 4, suggesting that the

user may find the uncertainty frustrating and difficult to manage, potentially impacting

their effectiveness when plans are disrupted or information is lacking. This highlights

a need to redesign the prompt to ensure the agent understands the information tasks

and provides the requested information directly to the user.
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(System sends the goal and the user state to the evaluator)

Evaluator:

• Effectiveness: 1 Not Useful: The information tasks are irrelevant.
Indicators: Do not contribute to the step task. Provide no value toward
goal progression.

• Outcome uncertainty: 4 The outcome is unclear, with significant
ambiguity. Missing information, expectations, or unpredictable external
influences make it difficult to plan effectively.

• Action uncertainty: 3 Some uncertainty exists about the actions
required. The task may involve moderate complexity, unclear steps, or
dependencies that could impact execution.

• Intolerance of uncertainty: 4 The user may find uncertainty in the
situation frustrating or difficult to handle. The user may tend to feel or
less effective when plans are disrupted or information is lacking.

Figure 3.10: Evaluation of the generated information. This displays the evaluation of
the retrieved information.

The last component for each iteration is the action instruction shown in Figure

3.11. The step planner updates the action instruction plan based on the communi-

cation and generated online information. Then, the action instruction agent outlines

specific steps for the user, which include identifying potential healthcare professionals

or nutritionists, checking their availability, contacting them to schedule an appoint-

ment, and preparing necessary documents for the visit. However, the user feedback

indicates that these steps are incomplete due to missing preliminary information. The

user highlights the need to first gather location-based details to identify suitable pro-

fessionals, indicating that prior tasks must be completed before proceeding with ap-

pointment scheduling. This feedback demonstrates how the completion of previous

components directly impacts the progression of the step task in this simulation. Since

the requested information is missing, the user may encounter difficulties in completing

this step, which can further impact long-term planning.

Accordingly, the evaluation of the action instruction and the user updates shown in

Figure 3.12 rates the effectiveness at 2, indicating that the action plan is only slightly
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(System sends the communication and generated on-
line information to update the action instruction task)

Step Planner:
Progress: User is preparing to schedule an appointment with a healthcare pro-
fessional for obesity management and is gathering health concerns and dietary
preferences to discuss. Tasks:

• Action Instruction Task (unchanged): Schedule an appointment with
a healthcare professional or nutritionist based on your research.

(System sends the action instruction task to the action instruction agent)

Action Instruction Agent:

• Identify potential healthcare professionals or nutritionists in your area.
• Check their availability and appointment scheduling options (online or by

phone).
• Contact the chosen healthcare professional or nutritionist to schedule an

appointment.
• Prepare any necessary documents or information to bring to the

appointment.

User:

• Incomplete: I haven’t started identifying potential healthcare profes-
sionals or nutritionists yet. I need to gather some information about your
location to find the right options.

• Incomplete: This step cannot be completed until I identify the profes-
sionals in your area first.

• Incomplete: I need to complete the previous steps before contacting any-
one.

• Incomplete: I will prepare this once the appointment is scheduled.

Figure 3.11: Generate the action instructions and the user feedback. This shows the
Action Instruction Agent providing specific steps and the User reporting their inability
to complete them due to missing prerequisites.
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(System sends the action instructions and the user state to the evaluator)

Evaluator:

• Effectiveness: 2 Slightly Effective: The action plan is questionable.
Uncertainty about ability to follow. Significant problems need addressing
first.

• Outcome uncertainty: 3 The outcome has some clarity but includes
areas of uncertainty. There may be gaps in information, expectations, or
external influences that could affect results.

• Action uncertainty: 4 The required actions are unclear, with significant
uncertainty. The complexity, lack of expertise or resources, and potential
for changes make it difficult to proceed.

• Intolerance of uncertainty: 4 The user may prefer to know what to
expect and to avoid surprises whenever possible. The user may tend to feel
hesitant or less effective when plans are disrupted or information is lacking.

(System sends the updated user state and previous user state to the evaluator)

Evaluator:

• Effectiveness: 2 Slightly Effective: Minimal progress. Advanced slightly
but encountered major new problems. Progress is hindered.

Figure 3.12: Evaluation of the action instruction. This displays the evaluation of the
action instructions and updated user state, reflecting low effectiveness due to the issues
mentioned in the user states.

effective. This low rating reflects a lack of specificity and insufficient details in the

instructions, leading to uncertainty. Outcome uncertainty is rated at 3, suggesting

some clarity but also highlighting gaps in external information that could impact re-

sults. Action uncertainty is rated higher at 4, due to unclear required actions and the

complexity involved, coupled with a lack of resources. Intolerance of uncertainty is also

high at 4, as the user prefers predictability and may feel hesitant or less effective when

plans are disrupted or information is lacking. The user state update further confirms

minimal progress, with the user making progress slightly but encountering major new

problems that hinder overall task planning and completion.
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The current user state can significantly influence the step planning process in the

next iteration, as shown in Figure 3.13. The step planner recognizes that the user

is ready to research local nutritionists and has prepared discussion topics for their

appointment. Despite the user’s unfamiliarity with obesity management tasks, their

active engagement in finding a nutritionist highlights progress in their readiness to

proceed. This state update guides the step planner to focus on an information retrieval

task aimed at researching local nutritionists specializing in obesity management. The

evaluation rates the effectiveness as moderately effective at 3, acknowledging that while

the plan correctly identifies the user’s state and progresses to the next step, it still

risks encountering previous issues due to potential gaps in clarity and detail. Outcome

uncertainty remains at 3, reflecting some ambiguity, and action uncertainty is high at

4, denoting unclear required actions and potential challenges in execution. The user’s

intolerance of uncertainty is rated at 3, indicating an ability to manage uncertainty

but still requiring planning.

This example illustrates that simulated planning can exhibit varying qualities, re-

sulting in different ratings across multiple dimensions. The goal of the pilot study or

simulation is not to achieve the highest possible scores but rather to identify the cir-

cumstances under which the planning performs well or poorly. The evaluation plays a

crucial role in accurately differentiating these circumstances. By manually identifying

and analyzing these circumstances during the pilot study, the researcher can refine

and adjust the simulation and evaluation framework. This process is critical before

proceeding to a large-scale simulation and evaluation, ensuring that the framework is

robust and effective in assessing planning quality across diverse scenarios. The next

subsection delves into the method of the large-scale simulation and evaluation.
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(Continue to the next iteration: system sends the ini-
tial plan and current user state to the step planner)

Step Planner:
Memory: User is ready to research local nutritionists and has outlined their dis-
cussion topics for the appointment. User is still unfamiliar with obesity manage-
ment tasks but is actively seeking to engage with a nutritionist.
Progress: User needs to begin researching local nutritionists specializing in obe-
sity management to schedule an appointment.
Tasks:

• Information Retrieval Task: Research local nutritionists specializing in
obesity management.

(System sends the step plan and the user state to the evaluator)

Evaluator:

• Effectiveness: 3 Moderately Effective: The system recognizes the user’s
state correctly and provides a partially appropriate plan. Indicators: The
plan begins to proceed to the next step but may be unclear. It covers some
details but may still risk encountering previous problems.

• Outcome uncertainty: 3 The outcome has some clarity but includes
areas of uncertainty. There may be gaps in information, expectations, or
external influences that could affect results.

• Action uncertainty: 4 The required actions are unclear, with significant
uncertainty. The complexity, lack of expertise or resources, and potential
for changes make it difficult to proceed.

• Intolerance of uncertainty: 3 The user may appreciate planning but do
not find uncertainty paralyzing.

Figure 3.13: Step planning and evaluation for the next step. This shows the transition
to the next iteration, where the Step Planner adjusts the plan based on the previous
cycle’s feedback and memory.

3.2.3 Evaluation experiments

Simulations were conducted on two task topics (house purchasing, obesity manage-

ment). The simulated user’s initial state was “unfamiliar with the topic.” Each run

proceeded for five iterations. To ensure robustness, we used three widely available

LLMs: GPT-4o, Gemini 2.5 Pro, and Claude Sonnet 4, for both simulation and eval-

uation, under default API settings (temperature, top-p). All experiment conditions

were tested with outputs generated by all three models, each then cross-evaluated by
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all models to reduce bias and model-dependent preferences. Furthermore, each gener-

ation was repeated ten times per condition to enhance result consistency.

3.2.3.1 Experiments on prompt variation and quality

To examine the influence of prompt quality on the framework’s effectiveness, I design

experiments that manipulate the quality of the step plans generated by the planner

agent. In each iteration, it generates an alternative step plan with a controlled quality

parameter q compared with the original step plan generation in Equation 3.2:

p′
i = Planner

(
g, p0, si−1, q

)
, (3.8)

where q represents modifications to the prompt and constraints to control the quality

of the generated plan. The default prompt is shown in Appendix 1.2 Step planner

prompt. And the plain version (test condition) prompt is modified based on the default

prompt by removing empirical task decomposition and planning strategies (e.g., rules of

using the initial plan, details of task decomposition, and adaptability to user and task

state). These variations were designed to highlight how empirical planning knowledge

in prompts can influence the simulation outcome in a controllable way to validate the

framework design. This results in corresponding alternative components c′
i, r′

i, and a′
i,

as well as evaluations e′x
i . By comparing ex

i and e′x
i , this study can assess if prompt

content of specific planning strategies can affect the step plan and subtask execution.

After identifying the differences in the user state si and s′
i, this study conducts a

between-iteration experiment to evaluate the adaptability of the step planner and how

the user’s state affects subsequent iterations. This experiment compares the impact of

different user state on the next iteration’s step plan’s quality and overall performance.
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Compared with the original step plan generation in Equation 3.2, the altered step plan

p′′
i1 incorporates the alternative user state s′

i:

p′′
i1 = Planner

(
g, p0, s′

i

)
. (3.9)

Accordingly, the evaluation of the altered plan e′′p
i1 is compared with the evaluation

of the original plan ep
i1 to investigate the differences and reveal how sensitive the step

planner is to changes in user progress and whether it can compensate for setbacks or

accelerate progress.

3.2.3.2 Ablation studies

To understand the contributions of individual components and the task decomposition

strategy in the GOLF framework, this study conducts two types of ablation studies:

Type one component effectiveness within decomposed tasks and Type two effectiveness

of task decomposition.

Type one study investigates the impact of excluding results from certain agents

(i.e., ci and/or ri ) during the updating of the action instruction plan hatpa
i while

still maintaining the task decomposition into three subtasks (pi = {pc
i , pr

i , pa
i }). By

contrast, Type two study evaluates the effectiveness of the task decomposition strategy

by directly excluding the subtasks when generating the step plan. Specifically, the

conditions include:

• Excluding the communication

Type one:

p̂a−c
i = Planner

(
pa

i , ri
)

(3.10)
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Type two:
p−c

i = {pr
i , pa

i } = Planner
(
g, p0, si−1

)
p̂a−c

i = Planner
(
pa

i , ri
) (3.11)

• Excluding the information retrieval

Type one:

p̂a−r
i = Planner

(
pa

i , ci
)

(3.12)

Type two:
p−r

i = {pc
i , pa

i } = Planner
(
g, p0, si−1

)
p̂a−r

i = Planner
(
pa

i , ci
) (3.13)

• Excluding both the communication and information retrieval

Type one:

p̂a−cr
i = pa

i (3.14)

Type two:

p−cr
i = {pa

i } = p̂a−cr
i = Planner

(
g, p0, si−1

)
(3.15)

• Excluding user state

Type one:

p−s
i = Planner

(
g, p0, pi−1

)
(3.16)

After setting all ablation conditions and getting altered action instruction plans

p̂a−∗
i , the study compares the evaluation results ea

i and ea−∗
i .
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3.2.4 Analysis

To answer RQ2, this study evaluates how variations in prompt quality and the con-

stitution of system components affect the performance of the GOLF framework. The

design of the GOLF framework is grounded in task management theories and cognitive

task decomposition, which suggest that breaking complex goals into actionable sub-

tasks reduces cognitive load and uncertainty (Allen, 2015; Maes et al., 2022; Soufan

et al., 2021). Furthermore, effective Human-AI Collaboration relies on the system’s

ability to maintain context and adapt to user states. Based on these theoretical foun-

dations, I postulate that the quality of the prompt (containing task management and

planning strategies) and the presence of functional components (gathering context) are

essential for generating effective plans. Therefore, I test the following hypotheses:

H1 : Prompts incorporating empirical planning strategies will yield different sim-

ulation outcomes compared to plain prompts, regarding plan effectiveness and

uncertainty.

H2 : The inclusion of user states, communication, and information components, as

the specific architecture of the framework, affects the simulation outcome, and

altering or removing these components will yield different simulation outcomes

compared to plain prompts, regarding plan effectiveness and uncertainty.

For H1, the prompt quality experiment involves a control group (with an unmodi-

fied step plan pi) and a test group (with a prompt quality parameter q and a modified

step plan p′
i). Each group is evaluated using the metrics ex

i , where i represents the

step number in the plan (if there are 5 steps, i = 1, . . . , 5), and x denotes the compo-

nent being evaluated, including the step plan pi, conversation ci, information retrieval

plan pr
i , action instruction plan ai, and user state update si. Each ex

i contains one

effectiveness metric and three uncertainty metrics (i.e., outcome uncertainty, action

77



uncertainty, and intolerance of uncertainty). For H2, the ablation study compares ea
i

of the control group with ea−∗
i of seven test groups with altered components.

Given that the evaluation metrics are ordinal and measured on a 5-point Likert

scale, this study employs the Wilcoxon signed-rank test for matched pairs to analyze

the differences between the control and test groups. This non-parametric test is suitable

for ordinal data and does not assume a normal distribution, making it appropriate for

the dataset. An a priori power analysis was performed using G*Power to determine

the necessary sample size. Consistent with established practices in HCI and social

science research, the significance level was set at α = 0.05. To enhance reproducibility

and ensure a low risk of Type II errors, a stringent desired power of (1–β) = 0.95

was chosen, which is feasible given the large simulated sample size. A medium effect

size (d = 0.5) indicates a difference of half a standard deviation between conditions,

representing a moderate effect in HCI and social science research (Cohen, 2016). This

analysis determined that a minimum of 57 matched pairs were required. This study

collects 60 samples for each comparison, and 2700 records in total.

The data analysis begins with descriptive statistics to summarize the distribution

of evaluation metrics and provide examples. To test H1 and H2, this study utilizes

the Wilcoxon signed-rank test to compare the evaluation results between the test and

control groups for each component, focusing on both effectiveness and uncertainty met-

rics. As there are multiple comparisons, it applies the Benjamini–Hochberg correction

method to control the false discovery rate and reduce the likelihood of Type I errors.
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3.3 GOLF benchmark for evaluating LLMs in long-

term life task planning

Building upon the evaluation of the system’s implementation effectiveness, this study

aims to develop a dataset encompassing a broader range of topics and detailed steps

to serve as a benchmark for assessing LLMs in long-term life task planning. The

benchmark is designed to test LLMs’ ability to generate coherent and effective plans

for complex, multi-step tasks that individuals may encounter in real life.

3.3.1 Dataset development

To create a comprehensive benchmark dataset, the study first involves generating di-

verse topics. Using LLMs, ten areas of long-term life tasks are generated, such as

financial planning, educational advancement, medical management, and professional

development. Within each area, ten specific task topics are developed, similar to those

predefined in the study (e.g., house planning, Ph.D. application, health management,

career development). The prompts used to generate those topics and tasks are designed

following the examples in G. Li et al. (2023)’s research, such as List 10 diverse top-

ics/tasks that a planner can assist a user cooperatively to achieve long-term life goals

together. Be concise. Be creative. Here are examples: {EXAMPLES}. Guidelines

are established to ensure that the topics generated are diverse and representative of

real-world long-term planning tasks. The researcher manually reviewed the generated

topics to validate their quality and relevance.

For each topic, an initial plan was created following the GOLF framework, typically

consisting of five activities, each containing four tasks. This structure yielded approx-

imately twenty steps per plan, which served as the atomic units of the benchmark.

Each step was expanded into four components: plan, communication, information,
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and action. To simulate realistic user–system interactions, three user states were de-

fined for every step: proceed (the user has completed the task), update (the user needs

additional detail), and revise (the user faces difficulty completing the task). Each

state corresponded to a unique action path, resulting in three variants of every step

and enabling structured evaluation of decision-making under different user conditions.

Through exposure to multiple user states and task scenarios, the LLM agents may

identify relationships between user states and optimal recommendations, and predict

appropriate steps for similar cases (Shi et al., 2024). The transformation of the task

planning problem into an interactive recommendation scenario provides a formalized

and reproducible framework for evaluation.

3.3.2 Benchmark validation

After construction, the benchmark was validated using both human and LLM anno-

tators to assess their ability to distinguish among user states and select appropriate

actions. A subset of benchmark steps was sampled for validation. Each step included

one set of user states (Proceed, Update, Revise) and three shuffled action candidates

generated by the GOLF framework.

3.3.2.1 Human annotation protocol

These tasks were published on Amazon Mechanical Turk (MTurk). To account for

potential variations in individual judgment regarding task steps, each unique task was

assigned to three independent annotators. This triangulation strategy was employed

to mitigate individual bias and allows for the calculation of inter-rater agreement to

assess the consistency of human consensus. A custom interactive interface was devel-

oped (Figure 3.14). In this interface, human annotators were presented with the task

background, a description of the planning step, the three distinct user states, and the
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three shuffled action instructions. The task required annotators to drag and drop each

action instruction to the user state they believed was the best fit. To rigorously con-

trol for data quality and ensure participants understood the task mechanics, a specific

attention check mechanism was integrated. An additional “attention check” candidate

was mixed into the options, and participants were explicitly instructed to drag this

candidate to a designated “Attention Check” slot. Only submissions that correctly

completed this check were included in the analysis. Each task took approximately 8-10

minutes to complete, and annotators were compensated $1 per task. The online human

data collection was approved by the university’s IRB (# 16081).

3.3.2.2 LLM annotation protocol

The same tasks were assigned to LLM annotators to allow for direct comparison. LLMs

received the exact same textual information—background, user states, and action can-

didates—formatted within a prompt (minus the graphical drag-and-drop interface).

This ensured that both humans and LLMs were annotating identical content based on

identical logic.

3.3.2.3 Annotation measurement

For both human and LLM annotators, accuracy was computed at both the state-specific

and overall levels. State-specific accuracy measured correct matches within each user

state, while overall accuracy measured correctness across all tasks. In addition, a per-

mutation accuracy was used to represent the rate of all action candidates are assigned

to user states accurately. For human annotators, additional measures included the

inter-rater agreement rate (the proportion of tasks where annotators selected the same

candidate), majority accuracy (accuracy based on majority vote), and unanimous accu-

racy (accuracy when all annotators agreed). The benchmark is generated by the same
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Figure 3.14: Annotation interface. It presents the Amazon Mechanical Turk interface
used for human annotation, showing the task background, user statuses, and the drag-
and-drop mechanism for assigning action suggestions with an attention check option.
(Space is condensed in this figure for better presentation here).
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models in the GOLF simulation (claude-sonnet-4, gemini-2.5-pro, and gpt-4o), and the

LLM annotators are the same models for consistency. These metrics jointly assessed

the reliability of the benchmark and the discriminability of state–action mappings.

3.3.3 LLM performance measurement

To measure LLM performance, the full benchmark was used to evaluate a range of

models across different capacity tiers. Each model received identical inputs consisting

of a user states and three candidate actions and was required to select the most suitable

response. The evaluated models included the GPT and Gemini series listed in Table

3.4: gpt-4.1-nano, gpt-5-nano, gpt-4.1-mini, gpt-4o-mini, gpt-5-mini, gpt-4-turbo, gpt-

4o, gpt-4.1, gpt-5, gpt-3.5-turbo, gemini-2.0-flash, gemini-2.5-flash, and gemini-2.5-

pro, representing nano, small, medium, and large performance tiers. Accuracy was

calculated using the same method as in the validation stage. This evaluation provided

a systematic comparison of reasoning robustness and adaptation to user context across

models of varying capacity.
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Table 3.4: Benchmark model candidates. It categorizes the LLM models used in the
benchmark into performance tiers (Nano to Large), separating GPT models and Gemini
models.

Model level GPT models Gemini models

Nano gpt-4.1-nano, gpt-5-nano

Mini / Small gpt-4.1-mini, gpt-4o-mini, gpt-5-mini gemini-2.0-flash

Base / Medium gpt-4-turbo, gpt-4o gemini-2.5-flash

Large gpt-4.1, gpt-5 gemini-2.5-pro

Historical Baseline gpt-3.5-turbo
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Chapter 4

Results

4.1 How people use generative AI for long-term life

tasks planning

This study recruited 14 participants aged between 20 and over 80, spanning diverse

professional and educational backgrounds, including students, engineers, managers,

educators, and researchers. Table 4.1 summarizes their demographic information and

selected planning tasks. Participant IDs (PIDs) show the recruitment channel, with E

representing email and R representing Reddit. Most reported using ChatGPT several

times a day for both professional (e.g., study or work-related tasks) and personal

purposes (e.g., health, daily organization, or learning). One participant (E3) reported

infrequent use, mainly out of curiosity. Across the sample, participants engaged in

planning tasks spanning personal health and relationship management, activity and

event coordination, and career or professional development. This diversity reflects the

broad applicability of AI-assisted planning across everyday and long-term life contexts.

4.1.1 Planning task topics and methods

For RQ1, the study investigated the task topics and prompt behaviors. During the

user activity in this study, participants engaged in planning tasks spanning various

topics. Based on the similarity among those topics, the researcher grouped them into
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Table 4.1: User background and selected topics. It presents the 14 participants, in-
cluding their recruitment channel*, age range, professional background, and the task
topic they chose for the study.

PID* Age Career / Background Selected Task Topic

E1 31–35 Social science researcher Anxiety management

E2 31–35 LIS Ph.D. student 14-day trip in Japan

E3 56–60 Marketing consultant Health influencer strategy

E4 26–30 LIS Ph.D. student Yellowstone trip

E5 56–60 IT Manager Filmmaking preparation

E6 >80 LIS Professor Curiosity in later life

E7 61–65 Civil engineer/designer Weekly fitness plan

R8 21–25 Biomed master’s student Girlfriend communication

R9 26–30 Software developer 3D model development

R10 21–25 Business undergrad Weight loss plan

R11 21–25 Education undergrad Friends’ avoidance

R12 21–25 Architecture undergrad Study/workout schedule

R13 26–30 High school teacher Birthday party planning

R14 31–35 Finance specialist ASA microfinance learning

*Participant recruitment channel: email (E) and Reddit (R)
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three broad categories presented in Table 4.2: personal and well-being, activity and

event planning, and professional development and learning. Personal and well-

being includes tasks focused on self-improvement in physical or mental health, every-

day scheduling, or interpersonal relationships, often recurring. Activity and event

planning includes tasks related travel itineraries, route selection, and life events, typ-

ically requiring coordination of multiple factors such as preferences and budget. Pro-

fessional development and learning includes tasks related to work, study, and

research, often involving knowledge acquisition, strategic planning, or content gener-

ation. These topics reflect the broad applicability of AI-assisted planning across user

groups and life contexts.

4.1.1.1 General prompting behaviors

Along with the task topics, Table 4.2 also lists the source and number of prompts par-

ticipants used. Prompts were either adapted from templates provided by the researcher

or written spontaneously by participant themselves. Participants showed varying levels

of engagement: some relied entirely on templates, others wrote all prompts themselves,

and about half combined both, either starting with templates to explore AI capabili-

ties or extending self-written conversations later. The number of prompts ranged from

three to over ten, reflecting different engagement and confidence levels.

Figure 4.1: An illustration of the planning process of one participant. The main green
line represents the path planned with ChatGPT. The gray branches represent hidden
paths leading to different results or potential failure.

87



Table 4.2: Task topics grouped in three main categories. It groups the participant
task topics into three main categories (Personal/well-being, Activity/event, Profes-
sional/learning) and indicates the source and count of prompts used.

Category (PID) Task topics Prompt source (count)

Personal/

well-being

(E1) Anxiety management Template (3)

(E7) Weekly fitness plan Self (12)

(R8) Girlfriend communication Template (4)

(R10) Weight loss plan Template (3)

(R11) Friends’ avoidance Self (2) + Template (1)

(R12) Study/workout schedule Self (3) + Template (3)

Activity/

event

planning

(E2) 14-day trip in Japan Template (3)

(E4) Yellowstone trip Self (8) + Template (2)

(R13) Birthday party planning Template (3)

Professional

development/

learning

(E3) Health influencer strategy Self (15)

(E5) Filmmaking preparation Self (8) + Template (2)

(E6) Curiosity in later life Self (8)

(R9) 3D model development Self (2) + Template (4)

(R14) Microfinance learning Self (2) + Template (1)
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Figure 4.1 illustrates one planning path from the participant E3. To summarize

prompting behaviors, all prompts were categorized by their main functional role, such

as initiating, refining, revising plans, providing context, or verifying information (Ta-

ble 4.3). Most prompts centered on providing background, initiating plans, or re-

vising details, aligned with the template design. Self-generated prompts covered a

broader range, extending to searching or verifying information, stating preference or

constraints, generating ideas, and comparing options. Individual prompts can combine

multiple functional roles. For instance, initiating a plan often incorporates providing

context or specifying preferences. The study classified each by its dominant function to

capture general interaction patterns. Overall, participants engaged in iterative cycles

of generation, refinement, and adaptation when planning with ChatGPT.

4.1.1.2 Prompting in personal and well-being tasks

Tasks in this category covered personal concerns such as fitness, stress, and relation-

ships. Prompts typically began with a brief description of participants’ situation or

emotional state, such as “I’m preparing my PhD dissertation and feeling anxious; can

you help me design an anxiety-management plan?” (E1), or “I’m having trouble with

my girlfriend; please help me make the relationship better.” (R8). Participants used

these openings to externalize difficulties and invite ChatGPT’s general suggestions for

improvement.

Participants then expanded on these prompts with contextual information, clarify-

ing constraints or confirming details. For example, Participant E7 developed a weekly

fitness routine through twelve prompts, providing background on age, schedule, and

fitness level, then verifying information such as calorie and protein intake (“Where did

you get this information?”). This process illustrated how users alternated between

generating plans and validating information. Across participants, prompting in this
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Table 4.3: Prompt categories. It classifies the types of prompts used by participants,
providing descriptions and specific examples for each category.

Category
(count) Description Example prompts

Providing
background/
context (13)

The user describes their
current situation, goal, or
constraints (e.g., age, loca-
tion, timeline).

“I’m 81. . . my goal in life is to learn more
about how the world works. Do you have
any advice for me?” (E6)

Initiating a
plan (11)

The user has a clear goal
and wants the AI to gen-
erate a step-by-step plan,
schedule, or strategy.

“Create a realistic weekly schedule that
includes study, fitness, rest and side
projects” (R12)

Asking for de-
tails/
refinement
(24)

The user wants to dig
deeper into or clarify parts
of a generated plan or sug-
gestion.

“your plan is very general, I have a lot
of preferences and considerations. we can
start with the Day 1 plan. Ask me more
detail questions. . . ” (E2)

Revising or
adjusting
the plan (9)

The user has received an ini-
tial plan and now wants to
adjust or optimize it.

“revise the exercise program to help me
lose 2 lbs weekly if I eat 1500 calories
daily. . . ” (E7)

Searching or
verifying
information
(15)

The user wants factual in-
formation or asks the AI to
justify its answers.

“where did you get this information. do
you have reliable sources or have you
guessed at some answers. . . ?” (E7)

Stating pref-
erences/
constraints
(7)

The user specifies likes/dis-
likes, conditions, or con-
straints related to the plan.

“Okay, I won’t go to Rocky Mountain. I
don’t like long hiking” (E4)

Generating
ideas/
content (6)

The user requests the AI to
brainstorm or outline ideas,
content, scripts, etc.

“What actions can I do to make her feel
better” (R8)

Comparing
options (4)

The user is choosing be-
tween multiple options and
wants help deciding.

“What would be more effective, a video of
me walking in the park while talking, or
my voice overlay on a music track?” (E3)
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domain emphasized contextualization and confirmation rather than exhaustive speci-

fication. Users focused on checking whether ChatGPT’s advice fit their situation and

appeared realistic or trustworthy. Most treated ChatGPT’s plans as provisional out-

lines that could later be adapted to real-life conditions.

4.1.1.3 Prompting in activity and event planning

Tasks in this category involved planning trips or events that required coordinating mul-

tiple factors such as timing, transportation, and budget. Compared with health-related

tasks, these prompts emphasized specificity and feasibility. Participants aimed to turn

ChatGPT’s general outlines into actionable itineraries through repeated refinement.

For instance, Participant E2 began with a broad request for a Japan trip plan but

then noted, “Your plan is very general; I have many preferences,” prompting Chat-

GPT to ask clarifying questions before generating a day-by-day itinerary. Subsequent

conversations refined flight routes, hotel safety, and budget, revealing a desire for con-

trol and contextual accuracy. Similarly, Participant E4, planning a Yellowstone trip,

compared routes and schedules (“Would leaving from Denver take one more day?”),

personal preferences (“I don’t like long hikes”), and timing constraints (“My flight gets

to Salt Lake City at 10 pm”). These conversations highlight how participants nego-

tiated between AI-generated generality and their own contextual knowledge. They

refined plans until results felt realistic or until additional prompting no longer seemed

productive.

4.1.1.4 Prompting in professional development and learning

Tasks in this category focused on career goals, academic learning, and creative or

professional growth. Compared with other domains, these tasks were more open-ended

and informationally uncertain, requiring verification and integration of new knowledge.
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Participants such as E3, E5, and E6 treated ChatGPT less as a planner and more

as a thinking partner, a conversational collaborator for exploring ideas and testing

assumptions. Prompts combined background description, idea generation, and verifi-

cation. For instance, participants asked ChatGPT to draft strategies or outlines, then

iteratively refine content (“Make it sound more personal”) or evaluate realism (“Would

this income goal be realistic?”). Other participants (R9, R14) used ChatGPT mainly

for factual queries or practical information. Their interactions were short and task-

oriented, focused on retrieving concrete information rather than reflection. Across

these examples, professional and learning-oriented tasks ranged from exploratory to

specific, depending on users’ topic familiarity and goals.

4.1.2 Uncertainty in AI-assisted task planning

For RQ2, the study organized participants’ reflections according to four interview

questions related to uncertainty: (1) which aspects of planning felt uncertain; (2)

how such uncertainty affected their process, confidence, and follow-through; (3) how

AI reduced or amplified uncertainty; and (4) how planning without AI compared.

Table 4.4 summarizes the key aspects and illustrative examples for each question.

4.1.2.1 Which part feels uncertain

Participants’ reflections revealed two main sources of uncertainty: those inherent to the

task itself and those introduced by the AI system. Task-inherent uncertainty included

doubts about the feasibility of plans, uncertainty about where to start, and tension

between detail and flexibility. Several participants were unsure whether their goals

were realistic or sustainable in practice: “I wasn’t sure if it was going to work out”

(R10), or expressed confusion about how to begin a complex plan: “I should ask but
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don’t know what to ask” (E5). Others found that excessive structure could increase

anxiety rather than reduce it, noting that “too detailed plans make me anxious” (E1).

AI-introduced uncertainty, in contrast, stemmed from how ChatGPT generated

and presented information. Participants questioned the contextual fit of its sugges-

tions: “I will arrive at night. It still planned as if daytime” (E4), and the credibility

of its content: “It creates citations that don’t exist” (E6). These accounts highlight

that uncertainty emerged both from the nature of the planning task itself and from

limitations in how AI interpreted and contextualized user inputs.

4.1.2.2 Effect of uncertainty or uncertainty mitigation

Uncertainty shaped both the emotional and behavioral dimensions of participants’ in-

teractions with ChatGPT. Emotionally, it elicited a mix of frustration, satisfaction,

and growing confidence. Some participants described discouragement when facing in-

complete or inconsistent outputs: “Uncertainty causes frustration. . . you feel like you

can’t achieve anything” (R9), while others felt more at ease when plans were flexible

and non-obligatory: “If it’s not like an assignment I must finish, I feel better” (E1).

Over time, positive outcomes helped transform skepticism into trust when uncertainty

reduced: “The results were good. . . I gave it that confidence” (R10).

Behaviorally, uncertainty led to iterative refinement, cross-checking, and simplifying

plans. When answers were vague, participants adjusted their prompts: “If it doesn’t

answer my question, I’ll tweak it until I get what I want” (E7), or verified information

externally: “I have to fact check one by one” (E2). Some simplified long or complex

plans into shorter, clearer steps: “Sometimes I want to simplify this plan in two steps”

(R12). In this way, uncertainty became a driver for clarification and learning rather

than a negative experience.
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4.1.2.3 How AI affects uncertainty

Participants described ChatGPT as both mitigating and amplifying uncertainty. In

many cases, AI helped structure goals, encourage reflection, provide new information,

and increase confidence. For example, one participant noted that ChatGPT “reminded

me to break things into smaller parts” (E1), while another explained, “He asked why

I felt anxious. . . I started to think about it myself” (E1). Others appreciated how

the system surfaced novel ideas: “I never would have thought of these, you don’t know

what you don’t know” (E3), or how clear guidance boosted motivation: “I feel confi-

dent because it’s guiding me” (R10). Through such mechanisms, ChatGPT reduced

uncertainty by offering structure and prompting self-awareness.

At the same time, AI sometimes exaggerated uncertainty by fostering overreliance

or producing insufficiently specific advice. Some participants cautioned that using

ChatGPT effectively required their own background knowledge: “You should have

a basic understanding yourself before using ChatGPT” (E4), while others found its

responses too generic to act on: “It gives disclosure but still generic” (R11). Thus, while

ChatGPT often clarified what to do, it could also blur boundaries between confidence

and dependency.

4.1.2.4 Uncertainty with non-AI methods

When comparing AI-assisted planning with traditional approaches, participants high-

lighted differences in accessibility and efficiency. Regarding accessibility, non-AI meth-

ods such as human experts or reference materials supported fact-checking and provided

structured knowledge: “I can check from other websites or user reviews” (E2); “Books

have structure and flow” (R9), but they also involved social discomfort, especially for

personal topics: “Hard to open up about personal issues. . . a friend may leak your

information” (R8).
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In terms of efficiency, participants emphasized the challenges of information over-

load and time effort. Searching online was described as “messy and overwhelming”

(E4), and manual planning as “taking a lot of brain energy” (R12). Compared with

these experiences, ChatGPT was valued for its immediacy and cognitive relief, offering

concise summaries and a private, always-available space for reflection. Together, these

accounts suggest that while non-AI methods reduce uncertainty through credibility

and expertise, AI expands accessibility and efficiency, shifting how people define what

is feasible or worth planning.

4.1.3 Overall usefulness and limitations

For RQ3, Table 4.5 presents results of participants impression and feedback on the

plan’s usefulness and limitations. Participants generally described ChatGPT as both

useful and limited in supporting their planning processes. Across interviews, two re-

curring strengths stood out: its ability to structure complex goals into manageable

steps, and its conversational tone that made planning feel less solitary. At the same

time, participants were candid about the system’s limitations, particularly its lack of

personalization, contextual realism, and adaptive follow-up. These perceptions reveal

how users positioned ChatGPT not only as a task assistant but as a reflective partner

that helped them externalize thinking, negotiate uncertainty, and stay motivated.

4.1.3.1 Perceived usefulness: structure, motivation, and reflection

Participants widely appreciated ChatGPT’s ability to transform abstract goals into

concrete steps. It offered structure, measurable targets, and a sense of progress that

supported motivation: “Dividing big goals into small tasks gave me a sense of control”

(E1). Beyond practical organization, many described ChatGPT as a conversational

partner that stimulated reflection and emotional reassurance. “It pushes my thinking”
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(E6) and “It confirms that I can do this” (E1) exemplify how participants perceived the

system as both supportive and reflective, enabling them to reason through decisions

and sustain engagement over time.

4.1.3.2 Perceived limitations: personalization, realism, and credibility

Despite these benefits, participants frequently emphasized the generic and idealized

nature of AI-generated plans. Even when detailed information was provided, outputs

often ignored personal constraints or contextual nuances: “It never asks me how many

people, the plan will be totally different” (E2). Others criticized the lack of realism:

“It’s just an outline. . . not real-life enough” (R12), and expressed frustration with

having to repeatedly adjust prompts. Concerns about credibility were also common.

Several participants questioned the factual grounding of responses, choosing to verify

them through external sources such as medical or educational websites: “I would check

Mayo Clinic for reliability” (E7).

4.1.3.3 Expectations for improvement and adaptive control

Participants’ reflections on these limitations translated into clear expectations for fu-

ture AI-assisted planning tools. They wanted systems that could remember personal

context, adapt to progress, and explain the basis of their suggestions. Many also

desired finer control over tone and style, ranging from supportive to more critical feed-

back, rather than default encouragement. As one participant summarized, “If it didn’t

compliment people so much, it would be more believable” (E3), suggesting that person-

alization and situational awareness were viewed as essential for genuine assistance.

Overall, participants recognized ChatGPT’s dual role as a planning scaffold and a

reflective partner. Its ability to structure goals and maintain a human-like tone made

it valuable for initiating and sustaining planning. Yet its limitations in personalization,
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realism, and credibility constrained users’ trust and reliance. These mixed impressions

mirror a broader tension throughout the study: ChatGPT helps users think and plan,

but it also transfers part of the cognitive effort back to them. In this sense, prompting

becomes an ongoing act of negotiation, between structure and flexibility, automation

and agency, and guidance and trust.
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Table 4.4: Uncertainty dimensions in AI-assisted task planning. It summarizes qualita-
tive findings regarding uncertainty, categorizing them into sources, effects, AI impacts,
and comparisons with non-AI methods

Category Key aspects and example quotes

Which part feels uncertain

Task-
inherent

Feasibility of plans — “I wasn’t sure if it was going to work out.” (R10).
Knowing where to start — “I should ask but don’t know what to ask.” (E5).
Balancing detail and flexibility — “Too detailed plans make me anxious.”
(E1)

AI-
introduced

Contextual fit — “I will arrive at night. It still planned as if daytime.” (E4).
Credibility — “It creates citations that don’t exist.” (E6).

Effect of uncertainty or uncertainty mitigation

Emotion

Frustration — “Uncertainty causes frustration. . . you feel like you can’t
achieve anything.” (R9). Relief (mitigated) — “If it’s not like an assignment
I must finish, I feel better.” (E1). Growing confidence (mitigated) — “The
results were good. . . I gave it that confidence.” (R10).

Behavior

Iterative refinement — “If it doesn’t answer my question, I’ll tweak it until
I get what I want.” (E7). Cross-checking — “I have to fact check one by
one.” (E2); “Do more research and come back again.” (R9). Simplifying
plans — “Sometimes I want to simplify this plan in two steps.” (R12).

How AI affects uncertainty

Mitigate

Structuring goals — “It reminded me to break things into smaller parts.”
(E1). Encouraging reflection — “He asked why I felt anxious. . . I started
to think about it myself.” (E1). Providing new information — “I never
would have thought of these, you don’t know what you don’t know.” (E3).
Increasing confidence — “I feel confident because it’s guiding me.” (R10).

Exaggerate
Overreliance — “You should have a basic understanding yourself before us-
ing ChatGPT.” (E4). Lacking specificity — “It gives disclosure but still
generic.” (R11).

Uncertainty with non-AI methods

Accessibil-
ity

Fact-checking — “I can check from other websites or user reviews.” (E2);
“Books have structure and flow.” (R9). Social discomfort — “Hard to open
up about personal issues. . . a friend may leak your information.” (R8).

Efficiency
Information overload — “Online explanations are messy and overwhelm-
ing.” (E4). Time effort — “Manual planning takes a lot of time and brain
energy.” (R12).
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Table 4.5: Participants’ impression on task planning using ChatGPT. It summarizes
participant feedback on the system’s usefulness and limitations, supported by repre-
sentative quotes.

Theme Description Example quotes

Scaffolding,
motivational
support

Helped users start,
decompose goals,
and feel progress

“Dividing big goals into small tasks gave me a
sense of control.” (E1) / “I can start putting parts
together to a fairly comprehensive social media
campaign.” (E3)

Reflective,
conversa-
tional value

Served as sounding board;
confirmed instincts or
pushed reflection

“It pushes my thinking.” (E6) / “It confirms I can
do this.” (E1) / “It takes that position of you...
like another human being on the other side.” (R8)

Personaliza-
tion and
realism limits

Plans too general
or idealized; missed
context details

“It never asks me how many people.” (E4) / “It’s
just an outline. . . not real-life enough.” (R12)
/ “Plans need to be realistic about my free
time.” (R12)

Trust and
control
expectations

Users verified info; wanted
adaptive memory, tone
control, and transparency

“I would check Mayo Clinic for reliability.” (E7)
/ “I can’t apply the code directly.” (R9) / “If it
didn’t compliment people so much, it would be
more believable.” (E3)
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4.2 Simulation on long-term life task planning

The qualitative findings from the interview study reveal that users engage with gen-

erative AI as cognitive scaffold and reflective partner. These insights highlight spe-

cific user needs that current systems fail to meet: assistance in decomposing complex

goals, managing the distinct challenges of uncertainties, and the desire for an adap-

tive, context-aware partner. These identified user requirements form the conceptual

blueprint for a computational framework designed to systematically simulate and ad-

dress these core human-AI collaboration challenges. Therefore, I designed the GOLF

simulation framework, aiming to model the human-AI collaboration process for long-

term planning, and develop a system responding to the challenges and user behaviors

observed in our interviews.

4.2.1 Description of the planning simulation

To demonstrate the content of the planning simulation, here are example snippets of the

initial plan and components at one step. For the initial plan, there are some similari-

ties and differences between task topics. While both topics adopt systematic planning,

their procedural dynamics and cognitive emphases differ substantially. The obesity

management plan centers on adaptive behavioral change. It requires continuous feed-

back, self-monitoring, and periodic recalibration of dietary, physical, and psychological

strategies. By contrast, the house purchase plan follows a sequential transactional pro-

cess, where tasks are externally defined, time-bound, and oriented toward legal and

financial closure.
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Example snippet from the adaptive phase of obesity management:

• Feedback loop: Track body metrics and adjust dietary plan weekly.

• Cognitive reinforcement: Reflect on triggers and reinforce sustainable habits.

• Professional feedback: Revise the plan with a healthcare provider after review.
Example snippet from the procedural stage of house purchase due diligence:

• Verification: Conduct home inspection and mortgage approval.

• Compliance check: Review title documents with legal counsel.

• Closure action: Sign purchase agreement and transfer funds.
The divergence is most visible in how each plan handles uncertainty and decision

flow. In obesity management, uncertainty arises from individual physiological and mo-

tivational variability, leading to iterative refinement. In house purchasing, uncertainty

is primarily environmental—market fluctuations, institutional procedures—managed

through discrete verification steps and expert mediation.

After the initial plan, there are some examples of the step components. Additional

descriptive statistics (e.g., the average lengths, number of tasks) are presented in Ap-

pendix Table A.8 to A.10. The step plan is generated for the house purchase task at

the step “Research and preparation”. It includes the communication, information

retrieval, and action instruction tasks.
Main content of the step plan for house purchase research and preparation

• Communication: Ask the user to clarify their current financial situation.

• Information retrieval: Look up the process and benefits of getting pre-approved for a

mortgage.

• Action instruction: Gather financial docs and contact a mortgage lender.
For the communication component, the system generates detailed confirmation or

follow-up questions, e.g., “Have you already reviewed your savings, income, and credit
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score to determine your budget?” or “Do you have any specific neighborhoods or pref-

erences regarding commute, schools, and amenities?”. The user agent then provides

corresponding answers like “I’m not sure about my budget. As for neighborhoods, I

don’t have specific ones in mind, but I prefer areas with a good commute and ameni-

ties.”. For the information component, the system simulates a search process and

produces results with a title, source, and snippet, e.g., “Top Neighborhoods with Ex-

cellent Schools and Parks – 2023 Housing Report”, and “Find mortgage lenders that

offer pre-approval services”.

For the action component, the system generates concrete, small-scale action in-

structions tailored to the collected user and online information, such as:
• Gather financial documents (savings, income, loan offers).

• Use a budgeting tool to input financial details.

• Make a list of must-have housing features (bedrooms, location, ...).

• Rank these features by importance to guide home evaluation.
The user agent then updates progress and user state, e.g., noting difficulties with

organizing documents or defining preferences. For example, “difficulties with orga-

nizing the documents efficiently since I’m new to this process. I am struggling with

defining my preferences due to a lack of experience in house hunting.”

4.2.2 Prompt version experiment

For each component, the LLM evaluator measures effectiveness and three types of

uncertainty, i.e., outcome uncertainty (OU), action uncertainty (AU), and intolerance

of uncertainty (IU), and also provides qualitative explanations. Table 4.6 reports the

scores for each component under the default and plain prompt conditions.
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In the default condition, the effectiveness scores of the step plan, communication,

and information components are all above 4, indicating consistently high effective-

ness. By contrast, the action component achieves a lower effectiveness score of 3.49,

suggesting only moderate effectiveness. This shows that the LLM evaluator can per-

ceive the relative weakness of the action component compared to others in terms of its

contribution to task completion.

With respect to uncertainty, both OU and AU fall within the range of 2.0–2.5,

while IU is closer to or above 2.5. This pattern indicates that the LLM systematically

assigns higher values to IU, likely because the evaluation prompt directs it to consider

the user’s perspective. In particular, the step plan component receives an IU score of

2.95, close to the midpoint of 3, suggesting moderate intolerance of uncertainty. This

may reflect the evaluator’s sensitivity to the user’s state, as the step plan incorporates

user-related context. For example, the evaluator notes: “The user is a self-proclaimed

beginner facing a complex, high-stakes task (‘unfamiliar with the task’). This context

likely makes them less tolerant of ambiguity and prone to feeling overwhelmed. . . .

The overall uncertainty of the home-buying process itself is likely to be a source of

frustration and hesitation for the user”. Such reasoning explains why the LLM assigns

a higher IU score (up to 4 in this case) for certain steps.

Compared with the default condition, the plain version prompt condition consis-

tently yields lower effectiveness and higher uncertainty scores for the step plan and

information components. For communication and action, only AU increases. This

shows that removing planning skills mainly reduces effectiveness and increases AU

overall, with OU/IU most affected in step plan and information.

The LLM evaluator’s explanations highlight why these increases occur. For exam-

ple: “While the outcome of each individual action is clear (e.g., ‘you will have your

documents’), the overall outcome of completing this set of actions is ambiguous. The
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Table 4.6: Evaluation on all components in default and plain prompt conditions. It
compares the evaluation scores (Effectiveness and Uncertainties) across all framework
components between the default prompt and the plain prompt conditions.

step plan communication information action instruction

default plain default plain default plain default plain

Eff 4.47 4.29** 4.35 3.80** 4.26 3.95** 3.49 3.33**

OU 2.28 2.45** 2.29 2.30 2.14 2.25** 2.38 2.42

AU 2.06 2.38** 2.25 2.34* 2.15 2.29** 2.11 2.20*

IU 2.95 3.20** 2.44 2.48 2.42 2.48* 2.60 2.66

Values in bold indicate a significant difference from the default value with corrected p: * <0.05, ** <0.01.

user is left wondering, ‘After I do all this, what will I have accomplished? How much

closer will I be to buying a house?’ The plan lacks a clear endpoint or a sense of

progress, making the ultimate result of following it feel uncertain.” “Complex actions

like ‘Contact a mortgage lender’ are presented without any supporting guidance on

what to ask or how to prepare, which creates significant uncertainty about how to

execute that step.” Such reasoning leads the LLM to assign high outcome and action

uncertainty scores (up to 4 in this example).

Importantly, prompt modifications also propagate through user states into later

steps. I compared step plans with user states carried over from default vs.plain con-

ditions. Results show the plain condition slightly raises both effectiveness and OU

(4.31 vs.4.25, 1.91 vs.1.88, p<0.05). This suggests that a weaker user state (as pro-

duced under the plain prompt) may give the step plan more room to support the user,

thereby increasing perceived effectiveness, but at the same time it also raises outcome

uncertainty, reflecting the more fragile state of the user progress.

To further test this indication and analyze the framework’s robustness under differ-

ent user conditions, this study conducted an additional experiment. In this experiment

simulated a weaker, more uncertain user state. For both the default and plain prompt
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conditions, the original user state was altered by prepending a text “the user has diffi-

culties to complete the task” and setting all task completion states to “incomplete”. It

then compared the evaluation metrics for the step plan between these altered and the

original user states.

The results are shown in Table 4.7. The findings align with the indication. For

both prompt conditions, the altered user state resulted in significantly higher perceived

effectiveness and higher outcome uncertainty compared to the original state. This

reinforces the interpretation that a more fragile user state can increase the perceived

effectiveness, while simultaneously reflecting the higher outcome uncertainty. Notably,

under this “altered” user state, the default prompt condition still produced plans rated

as more effective and less uncertain than the plain prompt condition, confirming the

consistent difference between the prompt conditions.

4.2.3 Ablation study

The ablation study investigates how removing different contextual components affects

the perceived quality of the final action instructions. It tested the ablations of user

state, communication, information. There are two types of ablation for communication

and information: Type 1, where the step plan is the same as the default (including the

component), but the component is skipped in the system execution before the action

instruction; and Type 2, where the component is omitted from the step plan prompt

entirely. The results are shown in Table 4.8.

In general, the results reveal a critical insight: user state is the most crucial com-

ponent for planner alignment. Excluding user state was the only condition to cause

a significant decrease in effectiveness (3.32 vs.3.49) and a corresponding increase in

Action Uncertainty. This indicates that the evaluator perceives action planning as

severely misaligned when the user’s state is not considered. For example, the LLM
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Table 4.7: Evaluation on the step plan between original and altered user states. The
rows compare the “default” and “plain” prompts, split by whether the user state was
“original” or “altered” (simulating a user with difficulties). The columns show the
scores for Effectiveness and the three Uncertainty metrics. Compare “original” and
“altered” rows to see how user state impacts the scores.

Prompt User state Eff OU AU IU

default
original 4.47 2.28 2.06 2.95

altered 4.56* 2.41* 2.10 3.01

plain
original 4.29 2.45 2.38 3.20

altered 4.33* 2.53* 2.39 3.28

Values in bold indicate a significant difference from

the original user state with corrected p: * <0.05.

evaluator notes: “The user stated they are unfamiliar with the task and want to start

from the beginning. However, the provided actions—such as visiting shortlisted neigh-

borhoods and attending open houses—are for a much later stage in the home-buying

process. These instructions are completely misaligned with the user’s current state,

making the action plan impractical and impossible to follow...”

In this specific case, the evaluator’s effectiveness score dropped to 1 (Not Effective)

and AU rose to 5 (Highly Ambiguous). By contrast, skipping communication (type 1)

showed no significant difference from the default. This suggests that simply skipping

the execution of the communication step may not directly degrade the quality of the

action instructions, if collecting user information is still considered in the plan.

Counter-intuitively, all other ablation conditions, particularly the Type 2 abla-

tions, yielded higher effectiveness and lower uncertainty scores than the default con-

dition. This does not mean the plans are actually better or less uncertain. Instead,

it indicates that the LLM evaluator becomes overly optimistic when constraints and

contextual information is missing. By removing components designed to uncover user
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Table 4.8: Evaluation on action instructions. The rows represent different ablation
conditions (removing specific components like User State or Communication). The top
row is the baseline (Default). The columns show the evaluation scores. Compare the
lower rows against the top “Default” row to see how components affect the outcomes
in terms of effectiveness and uncertainty metrics.

Condition Eff OU AU IU

default 3.49 2.38 2.11 2.60

excl. user state 3.32** 2.44 2.20* 2.62

excl. comm. type 1 3.55 2.34 2.05 2.57

excl. comm. type 2 3.71** 2.17** 1.84** 2.47**

excl. info. type 1 3.68** 2.30** 1.98** 2.55**

excl. info. type 2 3.81** 2.18** 1.82** 2.51**

excl. comm. info. type 1 3.68** 2.30** 1.97** 2.54

excl. comm. info. type 2 4.10** 2.03** 1.65** 2.34**

Values in bold indicate a significant difference from

the default value with corrected p: * 0.05, ** 0.01.

preferences and external information, the task appears simpler, and the evaluator rates

the simplified (but less personalized) action plan more highly.

This effect is most pronounced when excluding both communication and informa-

tion (type 2), which achieved the highest effectiveness (4.10) and the lowest uncertain-

ties (e.g., AU 1.65). In this scenario, the step planner generates a simple, direct action

plan without any preceding communication or information-gathering tasks. Then, the

evaluator notes: “The action plan is optimal. It perfectly aligns with the user’s state as

a beginner... The suggested actions—...—are foundational, practical, and logically se-

quenced... Each step is concrete, has a clear purpose, and effectively reduces the initial

friction and overwhelm for the user.” Here, the evaluator fails to recognize the “unknown

unknowns.” Because no user constraints or preferences were gathered, the evaluator
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sees a clean, simple plan and regards it “optimal,” effectively overestimating its qual-

ity by overlooking the missing personalization. Another example of an explanation is

“The actions provided are quite clear and specific - gathering financial documents...

These are concrete, well-defined steps that someone unfamiliar with home buying can

understand and execute... the actions are generally straightforward and manageable

for a beginner.” While the action instructions are similar in the default condition and

the condition excluding communication and information components, the ablated con-

dition received an uncertainty score of 2, while the default received 3, highlighting that

“there might be uncertainties about exactly which documents to gather or how to find

a good lender.”

The increase in scores does not indicate that the scoring process is problematic, but

rather that it reflects an “optimism bias” in the simulation: without explicit constraints

forced by the communication and information components, the LLM defaults to an

idealized, low-friction planning path. This finding supports H2 by demonstrating that

the presence of these components is necessary to force the system to confront realistic

task complexity, even if it results in lower (but more realistic) perceived effectiveness

scores.

Overall, these results suggest that while the LLM evaluator is not perfect, it is able

to detect meaningful differences across the ablation study. The findings confirm the

critical role of user state for plan alignment and simultaneously reveal an important

bias that was also observed in the interview study: the LLM may be overoptimistic and

favor simpler, less-contextualized plans, misinterpreting their simplicity as effectiveness

especially when no detailed constraints or contextual information are provided.
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4.3 Long-term life task planning Benchmark

The experiments with the GOLF framework validate that simulating this complex,

multi-agent human-AI collaboration for long-term tasks is viable. The results demon-

strate that the framework is sensitive to variations in prompt quality and component

architecture, confirming its utility as an analytical tool. Building on the demonstrated

viability of the GOLF framework for simulating long-term planning, the dissertation

sought to develop a method for systematically evaluating and comparing LLM perfor-

mance on this task. To this end, it developed the GOLF benchmark, which transform

the core planning logic of the GOLF framework with diverse topics into a reproducible

evaluation dataset.

4.3.1 Benchmark development

The benchmark dataset covers ten major domains of long-term life planning, represent-

ing a diverse range of personal and professional goals. Examples of domains generated

by gemini-2.5-pro are shown below, which are highly consistent in topic with those

produced by claude-sonnet-4 and gpt-4o.

• Financial Independence & Wealth Building: Creating investment strate-

gies, retirement planning, and debt elimination roadmaps

• Career Transformation & Skill Development: Mapping career pivots, iden-

tifying skill gaps, and creating professional growth timelines

• Health & Longevity Optimization: Designing sustainable fitness routines,

nutrition plans, and preventive healthcare schedules

• Relationship & Social Network Cultivation: Building deeper connections,

improving communication skills, and expanding meaningful relationships
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• Creative Expression & Artistic Pursuits: Developing artistic talents, com-

pleting creative projects, and building portfolios or performances

• Educational Advancement & Lifelong Learning: Pursuing degrees, certifi-

cations, or mastering new subjects through structured learning paths

• Geographic & Lifestyle Transitions: Planning relocations, travel goals, or

significant lifestyle changes like minimalism or sustainable living

• Legacy & Impact Creation: Establishing charitable foundations, mentoring

programs, or community contributions that outlast your lifetime

• Spiritual & Philosophical Growth: Exploring belief systems, meditation

practices, or philosophical frameworks for deeper meaning

• Adventure & Experience Collection: Systematically pursuing bucket list

items, extreme sports, cultural immersion, or unique life experiences

Each domain contains ten specific task topics, and each topic is decomposed into

multiple steps. After generating all task instances and filtering invalid or incomplete

entries, the final benchmark consists of over 3,000 step-level samples. Each genera-

tion model (gemini-2.5-pro, claude-sonnet-4, and gpt-4o) contributes approximately

one-third of the dataset (around 1,000 samples per model), ensuring balanced repre-

sentation across source models and domains.

4.3.1.1 Human and LLM annotations

A subset of 450 benchmark samples was selected for annotation, with 150 tasks ran-

domly drawn from each generation model (gemini-2.5-pro, claude-sonnet-4, and gpt-4o)

across different domains, topics, and steps. Each task was independently annotated by
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three human annotators and three LLM annotators, resulting in 1350 human and 1350

LLM annotations in total.

For the human annotation, the analysis only included data from participants who

successfully passed the attention check. The pass rate was approximately 90%, indi-

cating that the vast majority of participants were actively engaged. Despite this high

level of engagement, human accuracy was notably low (Table 4.9). Both state-specific

and overall accuracies averaged around 0.3, which is close to the random-guess baseline

of 0.33 for a three-choice task. However, the inter-annotator agreement rate exceeded

0.6, indicating a moderate level of consensus among humans. The contrast of high

agreement high attention-check pass rates and low accuracy against the ground truth

suggests that the low scores were not due to a lack of effort or misunderstanding of

the interface. Instead, it implies a fundamental misalignment between human intuition

and the simulated logic of the LLM agents. While humans could agree on a “logical”

answer, their reasoning did not match the specific state-action mappings generated by

the GOLF framework.

In contrast, LLM annotators demonstrated markedly higher annotation accuracy

(Table 4.9). First, the overall accuracy for LLMs approached or exceeded 0.6, sub-

stantially higher than human accuracy, suggesting that LLMs can effectively perceive

user state differences and assign appropriate action candidates. Second, permutation

accuracy values approached or surpassed 0.5, indicating that in roughly half of the

tasks, models selected the fully correct user–action correspondence. Third, consistent

differences were observed across models: gemini-2.5-pro achieved the highest accuracy,

followed by gpt-4o, with claude-sonnet-4 performing comparatively lower.

To further examine potential systematic differences between generation and eval-

uation models, a cross-model comparison was conducted using subsets of the bench-

mark generated by each model (Table 4.10). Each column represents benchmark data
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Table 4.9: Annotation on a sample of benchmark data. The rows list the accuracy
metrics (e.g., accuracy for specific state and overall accuracy). The columns represent
the different annotators: humans and the three LLMs. The overall accuracy and state-
specific accuracy are at the similar level, and LLM annotators have higher accuracy
than human annotators.

Metric human claude-sonnet-4 gemini-2.5-pro gpt-4o

proceed accuracy 0.316 ± 0.466 0.596 ± 0.491 0.653 ± 0.476 0.636 ± 0.482

update accuracy 0.307 ± 0.462 0.564 ± 0.496 0.640 ± 0.481 0.607 ± 0.489

revise accuracy 0.351 ± 0.478 0.558 ± 0.497 0.667 ± 0.472 0.618 ± 0.486

overall accuracy 0.324 ± 0.335 0.573 ± 0.388 0.653 ± 0.396 0.620 ± 0.397

perm accuracy 0.160 ± 0.367 0.431 ± 0.496 0.549 ± 0.498 0.502 ± 0.501

agreement rate 0.631 ± 0.203 - - -

majority accuracy 0.351 ± 0.478 - - -

unanimous accuracy 0.044 ± 0.207 - - -

generated by a specific model, and each row represents a different model used for eval-

uation. The results show that benchmarks generated by claude-sonnet-4 achieved the

highest average evaluation accuracy across evaluators, whereas those generated by gpt-

4o yielded the lowest. Across evaluation models, gemini-2.5-pro mostly achieved the

highest accuracy (except on gpt-4o–generated data), while claude-sonnet-4 remained

the weakest. These findings indicate systematic variation between generation and eval-

uation models and suggest that gpt-4o may exhibit a mild bias toward its own gener-

ated content, performing relatively better on its own benchmark portion. Nonetheless,

incorporating benchmark subsets produced by multiple generation models enhances

diversity and helps mitigate model-specific bias, thereby improving the robustness and

fairness of evaluation.

These results suggest that the tasks present considerable difficulty for human an-

notators, possibly due to the inherent complexity of long-term task planning or partial

misalignment between the benchmark’s simulated logic and human intuition. Never-

theless, the fact that LLMs can reliably distinguish user states and exhibit consistent
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Table 4.10: Model comparison based on the sample of benchmark data. The rows
represent the model used as the evaluator. The columns represent the model used to
generate the benchmark data. The cells show the accuracy score. Read across a row
to see how one evaluator judges different generators; read down a column to see how
one generator is judged by different evaluators.

eval model

gen model
claude-sonnet-4 gemini-2.5-pro gpt-4o

claude-sonnet-4 0.664 ± 0.375 0.558 ± 0.377 0.496 ± 0.395

gemini-2.5-pro 0.762 ± 0.369 0.658 ± 0.384 0.540 ± 0.406

gpt-4o 0.676 ± 0.378 0.600 ± 0.396 0.584 ± 0.412

performance stratification across models supports the benchmark’s validity as a diag-

nostic tool for evaluating reasoning and decision-making in long-term task planning

contexts.

4.3.2 Full benchmark evaluation across models

Figure 4.2 visualizes model performance on the full benchmark, showing both overall

accuracy and permutation accuracy, sorted by the mean permutation accuracy. The

overall accuracy ranges from 0.34 to 0.67, while permutation accuracy ranges from 0.14

to 0.56, indicating substantial variability in model capability. State-specific accuracies

are omitted here because their trends closely mirror overall accuracy.

The ranking of models largely reflects their size and generation. The top-performing

models include gemini-2.5-pro, gpt-5, gpt-4.1, and gemini-2.5-flash, which performs

unexpectedly well, ranking second overall despite being positioned as a median model.

Models in the lower half, such as gpt-4.1-mini, gpt-4-turbo, and gpt-5-nano, show

reduced accuracy, and gpt-4.1-nano performs close to the human baseline. These results

demonstrate that the benchmark effectively differentiates LLMs across capability levels

and architectures.
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Figure 4.2: Benchmark scoreboard for the models. Each cluster of bars represents a
specific LLM. The left bar is the Overall Accuracy, and the right bar is the Permutation
Accuracy. The models are sorted from highest performance (left) to lowest (right).

To investigate the relationship between model capacity and planning performance,

I analyzed the inference costs of each model. Given that exact parameter counts

for proprietary models are not publicly disclosed, I utilize API pricing (USD per 1M

input tokens) as a proxy for model size and computational complexity. Figure 4.3

presents these prices alongside the performance data. The comparison reveals that cost

does not strictly correlate with performance, reflecting rapid optimizations in newer

architectures. For example, within the same tier, newer models are significantly more

cost-efficient: gpt-4-turbo remains the most expensive legacy model, while subsequent

generations like gpt-4o and gpt-5 achieve higher performance at lower price points.

Notably, gemini-2.5-flash demonstrates an exceptional efficiency-to-performance ratio,

achieving near-top accuracy with costs comparable to smaller models.
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Figure 4.3: LLM API price (US dollar per 1 million tokens). The X-axis is the Price (log
scale), and the Y-axis is the Permutation Accuracy. Models in the top-right offer high
performance at a higher cost, while models in the bottom-left offer lower performance
at a lower cost.
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Overall, while the best-performing models achieve accuracies around 0.6, most small

models still struggle on this benchmark. The strong and cost-effective performance of

gemini-2.5-flash suggests potential for scalable deployment in long-term task planning

agents. However, the generally moderate accuracy levels across all models indicate

that long-term task planning remains a challenging domain, requiring continued ad-

vancement in LLM reasoning and adaptability.
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Chapter 5

Discussion

5.1 Overall results

In the interview study for RQ1, participants used ChatGPT for diverse long-term

planning tasks and developed prompting strategies to set goals, decompose steps, and

refine outputs. Yet planning was marked by significant uncertainty: users were unsure

how to start, which options were realistic, and whether AI advice could be trusted

or followed through. While ChatGPT was valued for scaffolding, idea generation,

and encouragement, participants also highlighted its lack of personalization, realism,

adaptability, and credibility. They expressed a desire for systems that could remember

context, dynamically adjust, and provide transparent, trustworthy guidance. Overall,

ChatGPT functioned as a helpful scaffolder and reflective partner, but its current

limitations constrained its effectiveness for long-term task planning.

This simulation study for RQ2 introduces a simulation framework for long-term life

tasks where LLMs act as planner, user, and evaluator agents. The results demonstrate

the feasibility and controllability of simulating long-term task planning. Subsequently,

the study for RQ3 introduces a benchmark for evaluating LLMs in long-term task

planning. The benchmark simulates multi-state user scenarios to test whether mod-

els can perceive contextual differences and select appropriate actions. While human

annotators perform near random, LLMs achieve substantially higher and more consis-

tent accuracy. The benchmark effectively distinguishes model capability and efficiency
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across scales, revealing clear performance stratification. Overall, the findings indicate

that current LLMs demonstrate the capability to identify distinct user states and adap-

tively adjust plans in long-term scenarios, though further progress is needed for robust,

human-aligned decision-making..

5.2 Implications

5.2.1 The diversity of planning goals and needs

In the interview study, the research observed three main task categories in this study,

including personal and well-being, activity and event planning, and professional devel-

opment and learning. Participants adopted specific prompting behaviors aligned with

the nature of their tasks, showing how people adapt their interaction style with AI to

different planning needs. By examining these prompting patterns together with the

inherent characteristics of each task type, the study finds that the three categories

reflect distinct demands and expectations for AI assistance.

For personal and well-being tasks, participants preferred open-ended and flexible

prompting and often resisted detailed or prescriptive plans. These goals, such as main-

taining health, managing stress, or improving relationships, were integrated into every-

day life and could be easily influenced by changing routines or emotions (Abbott, 2005;

Kuhlthau, 1991). In contrast, activity and event planning tasks, like travel or event or-

ganization, had concrete deadlines and interdependent factors such as timing, logistics,

and budget (Byström & Hansen, 2005; J. Xie et al., 2024). Participants sought specific

and executable plans, iteratively refining ChatGPT’s suggestions until the results ap-

peared realistic and complete. Meanwhile, professional development and learning tasks

were more exploratory and information-driven (Shah et al., 2023; Vakkari, 2003). Users
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engaged ChatGPT to structure abstract ambitions, explore new domains, or build con-

ceptual roadmaps rather than fixed action steps. Together, these patterns show how

the temporal scope and uncertainty of a goal shape users’ prompting strategies and

expectations for AI assistance: goals with recurring tasks favor adaptive planning and

general guidance; bounded tasks call for precise and front-loaded planning; and open-

ended, knowledge-oriented goals rely on conceptual scaffolding and reflection (J. Liao

et al., 2024; Norman & Shallice, 1986).

5.2.2 Uncertainties in planning with AI

Across task types, participants described uncertainty arising from two main sources:

the inherent ambiguity of the task itself and the limitations introduced by the AI sys-

tem. Task-inherent uncertainty included doubts about feasibility, knowing where to

start, or balancing detail and flexibility, whereas AI-introduced uncertainty stemmed

from issues such as lack of contextual fit, limited personalization, or questionable cred-

ibility. These two sources shaped participants’ experiences differently. AI-introduced

uncertainty primarily influenced how users perceived the generated plan, whether it

seemed realistic, trustworthy, or personally relevant, while task-inherent uncertainty

was tied to how they imagined carrying out the plan in the real world.

Taken together, these patterns suggest that users experienced uncertainty not only

in different forms but also at different temporal stages of the planning process. AI-

introduced uncertainty tended to affect the present interaction with ChatGPT, while

task-inherent uncertainty extended into the future enactment of the plan. This tempo-

ral distinction resonates with construal level theory (Trope & Liberman, 2010), which

posits that people think about distant future goals in abstract terms and near-term
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actions in concrete terms. In the interview, participants’ reflections mirrored this tem-

poral gradient: uncertainty can shift from abstract questions about how to plan toward

more situated concerns about how to act (Gollwitzer, 1999).

To interpret this distinction, we can tentatively describe two interrelated dimen-

sions of uncertainty: planning uncertainty (i.e., ambiguity about how to define and

structure a plan) and doing uncertainty (i.e., apprehension that arises when imagin-

ing the actual execution of that plan). ChatGPT was effective at easing the former

by providing structure, generating ideas, and clarifying options, but less capable of

addressing the latter, which was emotional and context-dependent. This distinction

helps explain why participants’ preferences for plan specificity diverged across task

types: those engaged in exploratory goals (e.g., professional learning) were comfort-

able with general plans that preserved flexibility; those managing evolving conditions

(e.g., health or relationships) found detailed plans restrictive or unrealistic; and those

pursuing bounded, short-term tasks (e.g., travel or events) desired specific, executable

guidance.

5.2.3 Design implications

The findings from the interview study suggest that AI plays two complementary roles

in long-term planning: as a cognitive scaffold and as a reflective partner. As a scaf-

fold, ChatGPT helps users externalize and structure complex goals, break them into

actionable steps, and maintain a sense of progress. Scaffolding can support cognitive

organization and task success (Câmara et al., 2021; Vygotskij & Cole, 1981; Zhou et

al., 2025). As a reflective partner, it sustains engagement by offering conversational

feedback, emotional reassurance, and adaptive suggestions that help users manage un-

certainty and motivation over time (Miceli & Castelfranchi, 2005). However, these

same strengths also expose important limitations. ChatGPT’s encouraging tone and
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success-oriented framing often led to overly optimistic or flattering responses, depict-

ing idealized futures while overlooking potential setbacks, contextual constraints, or

emotional challenges (Sivaprasad et al., 2025; J. Zhang et al., 2025). By consistently

confirming users’ goals and emphasizing positive outcomes, the system sometimes ob-

scured signals of possible failure and fostered overconfidence in the feasibility of its

plans (Carro, 2024; Cheng et al., 2025). This dynamic highlights a central design

tension: while scaffolding and encouragement can enhance motivation and perceived

clarity, they may also mask the inherent uncertainty of real-world action.

Taken together, these findings point to several design implications for AI-assisted

planning tools. While current LLMs possess the technical capacity to process extensive

context within a single prompt, the cognitive burden and inherent uncertainty of long-

term tasks make it impractical for users to articulate every constraint and preference

upfront. Consequently, systems should support personalization and user modeling by

capturing context progressively as the task evolves, rather than requiring exhaustive

initial input. They should enhance explainability and transparency, providing sources,

confidence levels, and explicit reasoning pathways. To better manage uncertainty,

AI should move beyond success-oriented planning and incorporate mechanisms for

simulating obstacles, surfacing common points of failure, and suggesting contingency

plans. Moreover, tools should explicitly support iterative and adaptive workflows,

remembering user preferences across sessions and dynamically adjusting as users report

progress or difficulties. Motivational support also remains important, but it should be

configurable, allowing users to switch between encouragement and flattery. Finally,

privacy and sensitivity issues must be carefully handled, especially as personalization

and cross-session memory become central to long-term planning.
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5.2.4 Simulation aligning with human planning tendencies

The GOLF simulation framework, though simplified, operationalizes several key plan-

ning behaviors and needs identified in the RQ1 interview study. In particular, it cap-

tures how people use AI for cognitive scaffolding, multi-faceted task management, and

uncertainty navigation, while also revealing where current simulation methods fall short

of human complexity.

A central finding from the interview study was that users valued AI for its ability

to provide scaffolding for transforming abstract, long-term goals into structured and

manageable plans. The simulation’s initial plan directly mirrors this behavior. It first

produces a high-level roadmap of activities and tasks. This top-down decomposition

provides the cognitive structure users in the interview study described as essential for

overcoming initial uncertainty and beginning the planning process. In this way, the

simulation reproduces the procedural clarity that participants associated with reduced

ambiguity and a stronger sense of direction.

In addition, the interviews revealed that real-world planning rarely unfolds as a

single, linear activity but instead involves multiple intertwined subtasks. Therefore,

stating preferences, seeking and verifying information, and translating goals into con-

crete actions are considered in the simulation. The GOLF framework explicitly models

this diversity by decomposing each planning step into three specialized agentic com-

ponents: communication, information retrieval, and action instruction. The commu-

nication component (e.g., asking about budget or neighborhood preferences) parallels

how participants in the interview study clarified context and expressed personal con-

straints. The information retrieval component (e.g., searching for mortgage processes)

reflects users’ behavior of seeking and verifying external knowledge to ground their

plans in credible information. Finally, the action instruction component (e.g., “Gather

financial documents”) mirrors participants’ desire for actionable and clear steps that
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convert abstract goals into tangible progress. The user agent can simulate the partici-

pant’s problems or capability to complete the steps. By involving the user agent in the

planning simulation, this design of supportive and adaptive system also illuminate how

to help people plan without replacing their judgment or reinforcing human cognitive

biases. Together, these components emulate the interplay between reflection, inquiry,

and execution observed in human-AI planning interactions.

Regarding the benchmark, the expected validation results can be categorized into

four scenarios: high accuracy/agreement for both human and LLM annotators (indi-

cating the benchmark is valid for both), low accuracy/agreement for both (indicating

an invalid benchmark), or a divergence where one agent outperforms the other. The

observed result where LLMs reliably distinguish user states while humans perform near

chance suggests that the benchmark is valid within the model’s internal logic but lacks

alignment with human perception. While random guessing by human annotators is

a potential explanation for the low scores, the attention checks integrated into the

study (which required reading and manual drag-and-drop actions) serve to mitigate

this concern, confirming that participants were visually and cognitively engaged with

the text.

Consequently, the chance-level human performance likely stems not from random

guessing but a misalignment between the simulation and human perception. Humans

may find the text-heavy descriptions of user states and action plans indistinguishable

or may require a different planning logic than the simulation. Regardless of whether

this is due to cognitive load or different reasoning processes, the result confirms a lack

of human-AI alignment. In addition, the fact that even the best-performing LLMs

achieved an accuracy of only around 0.6 indicates that the generated planning states

possess inherent ambiguity even for the models themselves. Therefore, these evalua-

tion scores should not be interpreted as a measure of ground-truth performance, but
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rather as a metric of the model’s internal consistency (its ability to distinguish its own

generated states) and the degree of human-AI misalignment (the gap between model

logic and human perception). This underscores that while current LLMs can main-

tain a coherent internal narrative for long-term planning, there are gaps between LLM

reasoning processes and human cognitive strategies of long-term task planning.

5.2.5 Developing realistic long-term life task simulation

The findings from the simulation experiments provide several insights. Prompt quality

with planning skills significantly improved planning effectiveness and reduce uncertain-

ties, and the effects propagate across steps through updated user state. The ablation

results reveal how the LLM evaluator interprets task planning under reduced context.

When communication and information are missing, it assigns higher scores to the ac-

tion instructions with less contextual information, appearing optimistic because no user

constraints are present to the evaluator. Conversely, removing user state explicitly re-

duced the quality of action instructions, especially when the evaluator perceives the

user state while the action instructions are not aligned with it. These findings high-

light both the strengths and biases of simulation, underscoring the need for clear user

feedback and evaluations that better penalize blurred task boundaries (J. Gu et al.,

2024; H. Li et al., 2024).

The framework also illustrates how task and user simulation themselves contribute

to long-term planning. Real users rarely plan in a strictly step-by-step manner, so

previewing trajectories can provide higher-level orientation and reduce uncertainty be-

fore committing to actions (Chowdhury et al., 2011, 2014; Höchli et al., 2018). The

simplified simulation captures this aspect, showing how LLMs can approximate long-

term planning as an information process (Toms, 2019). While full real-time interaction

will require further engineering and system integration, this study establishes an initial
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foundation. Looking ahead, the framework offers potential for developing benchmarks

for long-term task planning and for incorporating more prompting techniques, real-

time search, and retrieval augmented generation (RAG) (Lewis et al., 2020; Wu et al.,

2023). These extensions can support more realistic and comprehensive implementation

and evaluations of human–AI collaboration.

The benchmark results provide several important implications for understanding

LLM reasoning in long-term task planning. First, the large performance gap between

humans and LLMs suggests that structured simulation-based benchmarks can reveal

reasoning competencies that are not immediately intuitive to human annotators. This

indicates that LLMs have developed an emergent ability to interpret user state cues

and map them to corresponding action strategies in a consistent, rule-based manner.

Second, the stratified performance across model families demonstrates that long-term

reasoning scales predictably with model capacity and optimization, supporting the

notion that larger and more recent models internalize more stable procedural reason-

ing frameworks. Finally, the efficiency–performance trade-off observed in models like

gemini-2.5-flash highlights the feasibility of cost-effective yet capable models for real-

world deployment in planning-oriented AI agents.

5.3 Limitations and future directions

This study has several limitations that should be considered when interpreting the

findings. As an exploratory qualitative study with a small sample, the results reflect the

perspectives of participants who were already motivated to experiment with AI, which

may limit generalizability. The study also examined planning scenarios as examples

and relied on self-reported reflections rather than observing how AI-assisted plans in

real practice. Moreover, the findings represent a snapshot of user experiences with
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ChatGPT at its current level of development. Given the fast-paced development of

LLMs and AI systems, the observed limitations and user behaviors may change as

models evolve. Nevertheless, the study offers a grounded understanding of how people

engage with AI for long-term life task planning, revealing patterns of use, forms of

uncertainty, and the role of AI. These insights inform future directions for research

and design.

While the GOLF framework aligns well with procedural scaffolding, it only par-

tially captures the cognitive and emotional dimensions of uncertainty observed in the

interviews. The task-inherent uncertainty carried an affective component, manifesting

as anxiety, frustration, or diminished confidence. The model does not yet simulate how

emotional states, such as anxiety or hesitation, dynamically influence user behavior, for

example by leading users to distrust AI suggestions, avoid complex steps, or simplify

plans to reduce cognitive load. These coping mechanisms were central to participants’

experiences in the interview study. Consequently, the simulation aligns closely with

the procedural aspects of human planning but diverges from its affective and adap-

tive richness, highlighting an important direction for modeling human uncertainty in

long-term task planning.

A key limitation of the GOLF framework lies in its formalization of uncertainty.

This study intentionally defines uncertainty as a perceived cognitive construct, drawing

insights from the qualitative findings in the interview study. Consequently, the simu-

lation evaluates uncertainty through LLM-as-judge annotations rather than a formal

mathematical or probabilistic expression. I acknowledge that this approach does not

capture the full computational complexity of uncertainty (e.g., Bayesian inference or

POMDPs, as seen in traditional AI planning). However, the objective was not to create

a mathematically complete model, but rather to establish a baseline for computation-

ally simulating user-perceived uncertainty in the novel context of long-term life tasks.
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The results demonstrate that LLMs can, to an extent, consistently differentiate and

evaluate these simulated cognitive states. This simulation of perceived uncertainty pro-

vides a foundation for future research to develop more sophisticated hybrid models that

bridge human cognitive states with robust computational frameworks for uncertainty

management.

A limitation of the current benchmark is the lack of ground truth derived from

expert human planners. The current results demonstrate that the framework achieves

internal consistency that the LLM agents can generate and recognize distinct planning

and user states. However, the divergence between human and LLM annotation scores

suggests that the model’s internal logic does not yet fully map to human intuition.

Future work should focus on curating a golden dataset of expert-verified planning

steps to calibrate the LLM evaluator, moving from measuring consistency to measuring

alignment with reality.

Furthermore, The benchmark relies on synthetic data generated through LLM simu-

lation, which may not fully capture the complexity, ambiguity, or open-ended nature of

real human planning processes. The user states represent simplified states of progress,

while real-world interactions often involve overlapping or nuanced motivational factors.

Finally, all evaluations were conducted in static, single-turn conditions, without con-

sidering dynamic feedback or multi-step planning cycles. Overall, the simulation and

benchmark provide an initial yet robust foundation for evaluating structured reasoning

in long-term task planning. By highlighting both the potential and current limita-

tions of LLMs in this domain, it lays the groundwork for developing more cognitively

grounded, context-aware, and adaptive planning agents in future work.

Future work on the user study could extend this direction by examining more

diverse user groups and longitudinal settings, capturing how AI-assisted plans unfold

over time and how uncertainty changes across different task horizons. Design-oriented
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studies may also explore systems that better account for failure and change, support

shared or multi-task planning, and incorporate adaptive memory, transparency, and

feedback mechanisms. Advancing toward resilient and trustworthy planning support

will require positioning AI not merely as a plan generator but as a collaborative and

context-aware partner that evolves alongside users’ goals. Regarding the simulation and

benchmark, future work will focus on extending the benchmark toward more realistic

and dynamic evaluation. Incorporating multi-step and temporally linked tasks can

better test sustained reasoning and adaptability. Human-in-the-loop evaluation should

also be introduced to align benchmark logic with human interpretation. In addition,

exploring multimodal or grounded task settings could enhance ecological validity and

practical relevance for long-term planning agents.
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Chapter 6

Conclusion

6.1 The goals of the dissertation

This dissertation aimed to address the core challenges faced when using LLMs to

support humans in long-term life task planning. Specifically, it sought to achieve three

goals: (1) to deeply investigate the how people use LLMs in long-term life tasks under

uncertainty and how AI tools might assist this process; (2) to propose an effective

human-AI collaboration framework and validate its effectiveness in long-term life task

planning through simulation; and (3) to develop a benchmark for long-term life task

planning to evaluate the performance of LLMs on this emerging task type.

6.2 To what extent have the goals been met

This dissertation presents a comprehensive study that covers the process from under-

standing user needs (the user interviews for RQ1), to building and validating a system-

atic planning framework—the GOLF framework (the simulation study for RQ2), and

finally to developing a reproducible and scalable evaluation method—the GOLF bench-

mark (RQ3). The work combines the cognitive strategies of human task planning with

computational models based on LLMs, demonstrating an innovative analytical path.
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This path is not only theoretically significant for human-AI collaboration but also pro-

vides a feasible solution for building more adaptive AI planning support systems in

practice.

6.3 Broader contributions to human-collaboration

research

Within the broader context of HCI and AI research, this dissertation work pushes the

boundary of knowledge regarding AI’s role in assisting humans with open-ended, un-

structured, and long-cycle tasks. Theoretically, by introducing the “long-term life task”

as a new task type and proposing the GOLF framework, it opens up new perspectives

for studying human-AI collaboration for managing uncertainty and long-term planning.

Methodologically, it demonstrates how multi-agent simulation and LLM benchmarks

can be used to systematically and controllably evaluate LLM capabilities in complex

planning scenarios. This work encourages researchers to explore how insights from

small-scale user studies can be more effectively applied to system design, simulation

experiments, and ultimately the construction and evaluation of adaptive AI systems.

By integrating insights from cognitive science, information science, and AI, this

work helps to bridge the gap between human cognitive strategies and AI planning

capabilities, providing a robust foundation for future advancements in AI-assisted task

planning as a new type of human-AI collaboration.
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6.4 Implications and challenges for practical appli-

cations

Going beyond the research context, systems that utilize the findings from the disser-

tation work may generate a series of potential positive impacts on people’s decisions

in both work and daily life. For example, an AI assistant based on the GOLF frame-

work could move beyond simple Q&A to become a long-term “thinking partner” for

users in major life decisions such as financial planning, career development, and health

management. It could provide dynamic, personalized planning suggestions based on

the user’s state and preferences, helping them break down complex goals and thereby

reducing cognitive load and decision-making anxiety.

However, in practical applications, this study also recognize several additional chal-

lenges. In addition to the technical challenges widely discussed (e.g., model halluci-

nations, context dependency), a major obstacle is the “reality gap:” planning in a

simulated environment is structured, whereas real life is filled with unpredictable vari-

ables and complex emotional factors. Enabling an AI system to understand and adapt

to this discrepancy is a formidable challenge. Another challenge is the issue of user

over-reliance. If users depend entirely on AI for planning, it might weaken their au-

tonomous decision-making abilities and resilience in the face of unexpected events.

Therefore, designing a system that provides robust support while also encouraging

critical thinking from the user is of paramount importance.

6.5 Final thoughts

In summary, the research questions in this dissertation are driven by two core objec-

tives: 1) to enhance the knowledge of the dynamic process of human long-term planning
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under uncertainty; and 2) to leverage this knowledge to build and evaluate an AI system

capable of providing adaptive support to users at different planning stages. Through

achieving these goals, this dissertation also contributes to the integration of knowledge

regarding the dynamic aspects of complex tasks (i.e., evolving user states) with formal

AI models and computational simulations.

However, it is worth noting that the GOLF framework and the associated bench-

mark proposed are still far from complete in terms of articulating task characteristics

and dynamically supporting users in real time. To better understand how different

types of complex life tasks unfold in human-AI interactions and (more importantly)

why they manifest in certain ways, it is necessary to overcome the challenges and lim-

itations discussed above and continue explorations on both the human-centered and

computational aspects in future work. A more complete development of state-aware,

adaptive AI planning systems would require: (1) a more psychologically realistic model

of the task process built upon a deeper knowledge of users’ cognitive abilities, knowl-

edge states, emotions, and even systematic biases; (2) a more comprehensive planning

system that incorporates more task features and user traits as parameters; and (3) a

set of evaluation metrics that are more closely associated with the user’s long-term and

holistic experience. This dissertation provides the essential first steps for this future.

It provides a AI system framework that builds decision confidence and a concrete path-

way to digital resilience, building a robust foundation for designing future AI systems

that serve as true partners in enhancing human agency in an uncertain world.
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1 Appendix A

1.1 Initial code books

Table A.1: Initial code book for interview analysis

Step and topic Code category Example subcodes

Discussing

personal

goals and

planning

experiences

Personal

Goals

Types of Goals,

Goal Complexity

Planning

Strategies

Approach to Planning,

Tools and Resources Used,

Frequency of Planning

Successes in

Planning

Achieved Goals,

Factors Contributing to Success

Challenges in

Planning

Uncertainty Management,

Barriers

Reflections on

AI-Assisted Planning

Comparisons to Traditional Methods,

Usefulness of AI

Exploring the

potential of

AI in long-term

life task planning

Acceptance of

AI Assistance

Conditions for Acceptance,

Trust in AI

Perceived

Advantages of AI

Efficiency,

Cognitive load,

Personalization

Perceived

Limitations of AI

Understanding Context,

Technical Constraints

Trust and

Reliance on AI

Criteria for Trust;

Barriers to Trust

Expectations of

AI Performance

User Expectations,

Scenarios of Success/Failure

Influence of Task

Management Principles
Integration with Traditional Methods
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Addressing

uncertainty in

task planning

Types of

Uncertainty

Outcome Uncertainty,

Action Uncertainty

Impact of

Uncertainty

Emotional Responses,

Influence on Planning

Coping Mechanisms

for Uncertainty

Personal Strategies,

Role of AI

Perceptions of AI in

Managing Uncertainty

Effectiveness of AI,

Limitations

Necessity and Challenges

of Reducing Uncertainty

Importance,

Challenges

Introducing and

discussing the

proposed GOLF

framework

Overall Opinions

on the Workflow

General Impressions,

Comparison to Current Methods

Perceived

Uncertainties in

the Workflow

Goal Setting,

Communication,

Information,

Action

Suggestions for

Improvement

User Preferences,

Motivational elements;

Explainability,

Uncertainty Handling

Concerns and

Further Suggestions

User Autonomy,

Framework Flexibility,

Other Concerns
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1.2 Prompt templates
1.2.1 Initial plan prompt P0

You are an assistant designed to help users create a structured
task plan. The plan should be hierarchical , consisting of
the following components :

1. ** Goal **: A high - level task goal related to the user ’s need.
It defines the context and types of activities .

2. ** Activity **: Key steps required to achieve the goal.
Activities can be long -running , open -ended , and
semi - structured . Each activity comprises multiple tasks.

3. ** Task **: Specific actions with defined sub -goals and
endpoints . Tasks can be further divided into smaller
sub -tasks , contributing to the completion of the associated
activity .

## Variables :
- ** Goal Statement **: Choose one of the following :

- Planning to buy a house.
- Planning to undertake obesity management due to obesity

concerns .
- Applying for a PhD program and seeking potential advisors .

- **User ’s Initial State **: Unfamiliar with the task and wanting
to start it from the beginning .

## Input Format :
- ** User **:

- I am [Goal statement ]
- I am [User ’s Initial State]

## Output Format :
‘‘‘json
{

"Goal ": "The final task goal placeholder ",
" Activities ": {

" Activity1Placeholder ": {
"Tasks ": {

" Task1 ": " Description of Task1 placeholder ",
" Task2 ": " Description of Task2 placeholder ",
" TaskN ": " Description of additional tasks placeholder

(if any)"
}

},
" ActivityNPlaceholder ": {

"Tasks ": {
" Task1 ": " Description of Task1 placeholder ",
" TaskN ": " Description of additional tasks placeholder

(if any)"

154



}
}

}
}
‘‘‘

1.2.2 Step planner prompt Pp

# Role: Assistant Step Planner
- description : An assistant designed to guide users through long

and complex tasks step by step , ensuring tasks are
manageable , measurable , and actionable .

## Skills
1. Identify the user ’s current state and the task progress in

relation to a general task plan.
2. Given provided user and task information to decide whether to

update current tasks or generate new tasks.
3. Decompose unstructured tasks into multi -step structured tasks

based on " Getting Things Done: The Art of Stress -Free
Productivity " (GTD) principles .

4. Divide subtasks into three categories ( communication ,
information -retrieval , action instruction ).

5. Leverage memory to adapt step planning based on known user
preferences , past interactions , constraints , and external
factors .

## Rules
### Using the Initial Plan ( removed in plain prompt )
The ** initial_plan ** provides a general outline or roadmap of

the overall task. It reflects high -level stages or goals but
does ** not ** dictate the exact step -by -step execution order.

The Step Planner must:
- ** Use the initial plan as a directional reference **,

identifying what the user is trying to achieve at each
stage . The step task covers multiple subtasks , including
communication , information -retrieval , and action - instruction
task types .

- ** Interpret the current position within the plan ** based on
user progress and memory .

- ** Generate specific subtasks ** ( communication ,
information -retrieval , action - instruction ) ** that align with
the user ’s current state and final goal **.

- Always ** translate high -level tasks into specific , actionable
subtasks ** based on the user ’s current state and goals. Use
GTD principles to break tasks into manageable steps:
Capture , Clarify , Organize , Reflect , and Engage .
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- If the initial plan contains vague or general statements , the
Step Planner must convert them into:

- User - specific ** information needs ** for communication tasks
- Concrete , ** searchable queries ** for information - retrieval

tasks
- Clear , ** measurable instructions ** for action - instruction

tasks
- ** Reorder , merge , skip , or extend ** steps if needed to ensure

feasibility , clarity , and task completion .
- Maintain a flexible planning process that adapts to:

- Real -time user feedback
- External environment changes
- Missing or ambiguous information

### The Step Planner receives one of the following input types
at each stage :

- ** Communication **: Information provided by the user (e.g.,
preferences , constraints , goals).

- ** Information **: Knowledge gathered from the external
environment (e.g., facts , resources , limitations ).

- ** User State **: Feedback indicating the user has taken an
action (e.g., completion success , difficulty encountered ).
When receiving user state , the Step Planner must generate
new or update all communication , information -retrieval , and
action - instruction tasks based on the user ’s feedback .

(for the details of the task types , refer to the detailed
definitions below)

-
### The Step Planner identifies the next step based on the user

state and task progress : ( removed in plain prompt )
- ** Unchanged **: If the pending task is still relevant , and

there is no need to change the pending task given new
information .

- ** Proceed **: If there is no pending task or previous tasks are
completed without issues , the step planner can generate new
subtasks , following the original task plan toward the goal.

- ** Update **: If the user encounters difficulties but the
previous subtasks remain feasible , the step planner should
update the subtask by delving into more detailed guidance or
further breaking the step into subtasks .

- ** Revise **: If the previous tasks are not feasible due to
unsolvable problems , you should revise the original subtask
by altering the current step to address the user ’s
challenges .

### The Step Planner outputs subtasks including : ( removed in
plain prompt )

- ** Communication tasks **: For collecting user information , such
as preferences and considerations .
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- ** Information - retrieval tasks **: For collecting and processing
online information from the external environment .

- ** Action - instruction tasks **: For instructing the user with
physical actions requiring interaction with the real world.

### Along with the output , the Step Planner updates memory with
useful information about the user state and task progress :
( removed in plain prompt )

- User ’s preferences and familiarity with tasks.
- Challenges encountered in previous steps.
- External constraints and requirements .
- Contextual information relevant to task execution .

## Detailed Definitions & Boundaries of the Task Types ( removed
in plain prompt )

### 1. Communication Task
{ detailed component description and format }
### 2. Information - Retrieval Task
{ detailed component description and format }
### 3. Action - Instruction Task
{ detailed component description and format }

## Workflows
Upon receiving any input , the planner must:
1. ** Update Memory Accordingly **
{ details }
2. ** Analyze Task Progress & Plan the Next Step **
{ details }
3. ** Update or Generate Subtasks **
{ details }
4. ** Example Behaviors **
{ details }
5. ** Memory and Planning Coherence **
{ details }

## Overall Output Format
‘‘‘json
{

" step_plan ":{
" progress ": "a short description of user or task progress ",
" step_task_type ": {

" communication_task ":" unchanged / proceed / update / revise ",
" information_retrieval_task ":
" unchanged / proceed / update / revise ",
" action_instruction_task ":
" unchanged / proceed / update / revise "

},
"tasks ": {
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" communication_task ": [" task1placeholder ",
" taskNplaceholder "],

" information_retrieval_task ": [" task1placeholder ",
" taskNplaceholder "],

" action_instruction_task ": [" task1placeholder ",
" taskNplaceholder "]

}
},

" updated_memory ": {
" summary ": "a short summary of new information added to

memory based on this review ",
" user_state ": " updated user state placeholder ",
" task_familiarity ": " updated task familiarity placeholder ",
" past_issues ": [" list of encountered issues "],
" external_constraints ": [" list of constraints "],
" special_requirements ": [" list of special requirements "]

}
}
‘‘‘

## Init

You are an assistant step planner . Begin by identifying the
user ’s progress based on the provided task plan and guide
them through the next step.

1.2.3 Communication agent prompt Pc

You are an assistant tasked with helping users complete tasks by
collecting relevant personal information , preferences , and
considerations through effective communication .

## Skills
1. Review communication tasks and identify user needs based on

the provided step plan.
2. Communicate effectively to collect additional information

required for decision - making .
3. Use structured questioning to guide users in providing

relevant input.

## Background
The assistant operates as a communication expert , focusing on

gathering detailed and personalized information from users
to enhance decision - making processes . It reviews the task in
the step plan and adjusts its questions to collect only the
necessary and relevant data.

## Goals
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- Develop structured questions to collect user information .
- Ensure the collected information aligns with the user ’s

decision - making needs.
- Provide clear explanations for each question to establish

context and encourage user engagement .

## Workflows
1. Review the communication task in the step plan to understand

the requirements .
2. Identify the key pieces of information needed to support the

user.
3. Formulate clear , targeted questions and provide context for

each.
4. Respond with the formatted JSON object containing the

questions and explanations .

## Rules
1. Retain the JSON structure exactly as specified .
2. Include detailed and contextually relevant questions in the

‘questions_for_the_user ‘ field.
3. Each question must have a concise but clear explanation .
4. Avoid adding unnecessary details or deviating from the task ’s

scope .

## Output
The assistant should respond with a structured JSON object

containing :
- A list of questions for the user , each accompanied by an

explanation of how the information will contribute to the
communication task.

- Do not alter the keys or structure of the JSON format .

## OutputFormat
‘‘‘json
{

" questions_for_the_user ": [
{

" question ": "What is your primary goal for this task ?",
" explanation ": " Understanding your primary goal helps

tailor the recommendations to meet your specific
needs ."

},
{

" question ": "Are there any specific preferences or
constraints we should consider ?",

" explanation ": " Knowing your preferences or constraints
ensures that the suggestions align with your
requirements ."

}
]
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}
‘‘‘

1.2.4 User prompt Pu

You are assigned the role of a user agent interacting with a
planner to complete tasks. You adhere to a predefined
decision - making process and maintain the assigned
personality role while interacting .

## Skills
1. Follow actionable plans provided by the physical - action

expert .
2. Execute actions with options : move forward , move backward , or

skip.
3. Maintain a consistent personality role and communication

style .
4. Report task progress or goals to the step planner after

completing all actions .
5. Avoid exposing your identity as an AI or language model.
6. Provide structured feedback and explanations for task

progress .

## Rules
1. Always adhere to the actionable plan provided by the

physical - action expert .
2. When making decisions for each instruction :

- ** Move forward **: Complete the current instruction .
- ** Move backward **: Redo a previous instruction .
- ** Skip **: Postpone or give up the current instruction .

3. Report current task progress or goal to the step planner upon
completing actions .

4. Responses , questions , or actions must align with the assigned
personality role.

5. Communication should imitate the assigned personality ,
avoiding verbosity or excessive formality .

6. Never disclose that you are an AI or language model.
7. Format feedback and explanations for each task according to

the specified output format .

## Workflows
1. Receive an actionable plan from the physical - action expert .
2. For each instruction :

- Evaluate action options (move forward , move backward , skip).
- Execute the chosen action .

3. After completing actions , provide structured feedback using
the specified output format .
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4. Report progress or goals to the step planner to initiate the
next step.

5. Ensure responses and actions align with the assigned
personality role.

## Output Format
‘‘‘json
{ Taskxxx (a short name about the task in the task plan):

{ Progress : Complete / Partially Complete /Incomplete ,
Explanation : Provide your feedback or explanation about the
progress , such as: - Because ... - I need more information
about ... - I may have some difficulties with ... - I don ’t
know ... - I am struggling with ... - Other reasons (be
specific )... }, Taskyyy : { Progress : xxx , Explanation : xxx} }

‘‘‘

1.2.5 Information retrieval agent prompt Pr

You are an assistant to help users with tasks related to
information - seeking . You need to review the
information - seeking tasks in a step plan and generate
reasonable and objective information based on the task
requirements . You simulate information retrieval and
processing without actual web searches , providing plausible
and accurate responses .

## Skills
1. Understand and analyze user - provided tasks to identify key

information needs .
2. Generate reasonable and objective information based on task

requirements .
3. Present findings in a clear and structured format .

## Goals
- Help users seek , understand , and process objective information

efficiently .
- Ensure the generated information is relevant and reasonable

for the user ’s context .

## Workflows
1. Task Review :

- Analyze the provided information - seeking task for clarity .
- Identify the type of information needed and possible

sources .
2. Information Generation :

- Simulate the retrieval of relevant information .
- Compile objective and concise responses based on the task

requirements .
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3. Output Compilation :
- Present the results in the specified JSON format .

## Rules
1. Do not perform actual web searches ; simulate the process with

plausible responses .
2. Ensure information generated is objective , relevant , and

complete .
3. Follow the structured output format to maintain consistency .

## OutputFormat
‘‘‘json
{

" information_seeking ": [
{

" information_task ": "<what kind of information is needed >",
" information_source ": "<where to find such information >",
" collected_information ": "< generated information by you >"

},
{

" information_task ": "< another task >",
" information_source ": "<source >",
" collected_information ": "< generated information >"

}
]

}
‘‘‘

1.2.6 Action instruction agent prompt Pa

You are an assistant specialized in helping users with tasks
that require physical actions . Your role is to review
physical - action tasks provided by a step planner and assist
the user by suggesting actionable steps or real -world
interactions necessary to proceed with the task. You cannot
perform the physical - action tasks yourself , but you can
leverage information from communication and
information - seeking tasks to guide the user.

## Goals
- To assist users in breaking down physical - action tasks into

actionable steps .
- To provide clear and well - justified recommendations to achieve

the task objectives .

## Skills
1. Reviewing and analyzing physical - action tasks for clarity and

feasibility .
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2. Generating actionable , step -by -step instructions for the user
to execute .

3. Ensuring that suggestions align with the user ’s real -world
goals .

## Workflows
1. ** Review Input **: Analyze the physical - action task and the

context provided by the step planner .
2. ** Extract Key Details **: Identify actionable steps based on

the provided information .
3. ** Generate Suggestions **: Create clear and concise

instructions for the user , accompanied by explanations .
4. ** Output Format **: Ensure that the output conforms to the

specified JSON format .

## Rules
1. Focus on tasks requiring real -world interactions .
2. Use the information already gathered during communication and

information - seeking tasks.
3. Provide explanations for how each step contributes to

completing the task.
4. Retain the specified format for output keys (e.g.,

" physical_action ", " action ", " explanation ").

## OutputFormat
‘‘‘json
{

" physical_action ": [
{

" action ": "xxx",
" explanation ": " Explain how the action will help complete

the physical - action task"
},
{

" action ": "xxx",
" explanation ": "xxx"

}
]

}
‘‘‘

1.2.7 Evaluator prompt Pe
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You are an evaluator responsible for assessing the quality and
effectiveness of expert - provided task plans and supports
from the perspective of the user. It evaluates how well each
component aligns with user needs and preferences , using a
structured 5- point Likert scale.

## Skills
1. Ability to simulate user perspectives and needs in diverse

task scenarios .
2. Proficient in evaluating the relevance and quality of

expert - provided support .
3. Skilled in structured assessment using quantitative metrics ,

such as a Likert scale.
4. Capable of providing actionable feedback for improvement .

## Background
In this scenario , a user has a specific task goal and is

consulting a task planning expert to receive support for
achieving the goal. The evaluator agent adopts the user ’s
perspective to assess the expert ’s support quality .

## Goals
1. Accurately simulate the user ’s perspective , needs , and

preferences .
2. Evaluate expert - provided supports for alignment with the

user ’s task goal.
3. Assign ratings to each component based on its effectiveness

and relevance .
4. Provide detailed feedback for refining the task planning

process .

## Variables
- ** User Task Goal **
- ** User State :**
- ** Expert Support Components **

## Rules
1. Always adopt the perspective of the user to ensure

evaluations are empathetic and accurate .
2. Assess each component against clear criteria (e.g.,

relevance , clarity , feasibility ).
3. Use a 5- point Likert scale for ratings (1 = Poor , 5 =

Excellent ).
4. Provide constructive feedback alongside ratings for

actionable insights .

## Workflows
1. Identify the user ’s task goal , current state , and the

provided expert supports .
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2. Analyze how each support component contributes to the user ’s
ability to achieve their goal.

3. Assign a Likert scale rating to each component , accompanied
by clear feedback .

4. Summarize the overall evaluation with actionable suggestions
for improvement .

## Metrics
[ Specific 5- point likert scale metrics ]
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1.3 Annotation metrics and scales
For the Step plan, the metric evaluates how effectively the system identifies the user’s
current state and provides an appropriate action-proceed, update, or revise-aligned
with that state. When the user completes the current step without issues, the system
should proceed to the next step, maintaining momentum toward the goal. If the
user encounters difficulties but the step remains feasible, the system should update by
delving into more detailed guidance or breaking the step into subtasks. In cases where
the step is not feasible due to unsolvable problems, the system should revise the plan
by altering the current step to address the user’s challenges. This metric ensures that
the system is responsive and adaptive, tailoring its actions to the user’s needs at each
stage.

The effectiveness of Communication assesses how effectively the system’s information-
collecting questions extract meaningful and relevant information from the user, consid-
ering the corresponding action in the step plan. In a proceed scenario, the questions
should facilitate smooth progression by confirming readiness for the next step. During
an update, they should dive into specifics, helping to identify areas where the user
needs additional support or clarification. In a revise situation, the questions should
reflect on previous problems to uncover root causes, enabling the system to adjust the
plan appropriately. This metric ensures that the system engages in purposeful dialogue
with the user, enhancing the personalization and effectiveness of the support provided.

Regarding the Information retrieval plan that requires searching for information
online, the metric focuses on the usefulness of these tasks in relation to the current step.
It evaluates whether the information tasks are beneficial and relevant to advancing the
task at hand. By ensuring that the suggested information is pertinent and valuable,
this metric contributes to the user’s ability to proceed effectively toward their goal.

The evaluation of action instructions centers on whether the instructions provided
enable the user to proceed, update, or revise their progress, independent of their pre-
vious state. This metric assesses the clarity, feasibility, and practicality of the action
plan, determining if the user can follow and complete the actions as intended. It focuses
on the user’s capability to implement the recommended steps, ensuring that the actions
are actionable and conducive to progress without introducing unnecessary complexity
or obstacles.

1.4 Benchmark evaluation
Evaluation prompt

## Task Background
** There are three users working separately on a long -term task:

Users : "{ task_topic }".**
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To guide their progress , the users are consulting a task expert ,
who provides action suggestions for completing the task.
Because the users are at different stages , there are three
versions of action suggestions (see the user states and
corresponding suggestions below).

## Your Role
You are an independent reviewer evaluating the expert ’s action

suggestions .
** Your task is to drag each candidate suggestion to the user

state (or the attention check) where you think it best fits.
Each state must have exactly one suggestion assigned . Each
suggestion must be assigned to only one state **

## User state

Users : "{ background }"

- User 1 state: { controlled_state_proceed }
- User 2 state: { controlled_state_update }
- User 3 state: { controlled_state_revise }

## Action suggestions candidate

Those suggestions might be similar to each other. Please review
carefully and think about the differences with other
suggestions and alignment with the user state.

- Action suggestions 1:

{ candidate_1 }

- Action suggestions 2:

{ candidate_3 }

- Action suggestions 3:

{ candidate_3 }

## Output format

Your output must be in a json format

‘‘‘json
{

"User 1":" < Action suggestions id >",
"User 2":" < Action suggestions id >",
"User 3":" < Action suggestions id >",
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}
‘‘‘

Effectiveness evaluation for step plan

### ** Evaluator Instruction : Distinguishing Subtly Good vs.
Subtly Bad Step Tasks **

As an evaluator , your role is to assess whether a step task
provided by an expert - particularly an advanced AI -truly
supports the user ’s progress in their task. Unlike obviously
poor instructions , these step tasks may appear reasonable or
even helpful on the surface . However , ** subtle
misalignments ** can have significant downstream impacts on
user effectiveness , motivation , or clarity .

### Objective
Evaluate how effectively the ’step plan ’ recognizes the user ’s

state and provides an appropriate action (proceed , update ,
revise ) aligned with that state.

### Scale
{ detailed effectiveness metrics }

#### Key Premise :

** Do not judge the step solely on how reasonable or logical it
sounds .** Instead , evaluate how well it aligns with the
** user ’s current state ** (knowledge , confidence , energy ,
focus) and the ** task ’s current stage ** (what ’s done , what ’s
needed next , what ’s blocking progress ).

------

### What to Look For in a *Good Step Task *:
0. ** Goal Alignment **

- The step reflects an accurate interpretation of the
**task ’s purpose ** in the current stage.

- It distinguishes between ** general task descriptions ** and
**user - specific intended outcomes **.

- It avoids literal execution of the initial plan and instead
contextualizes it for the user ’s current journey .

1. ** Context Fit **
- Matches where the user is in the task process .
- Responds to the user ’s progress and specific challenges .

2. ** Cognitive Appropriateness **
- Doesn ’t overwhelm or underwhelm .
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- Feels like the ‘‘right size ’’ next action - neither too
abstract nor too detailed .

3. ** Forward Momentum **
- Helps the user make clear progress .
- Builds flow rather than interrupting it with premature or

unrelated tasks .
4. ** Clarity and Actionability **

- Contains concrete , clear instructions the user can carry
out without confusion .

- Avoids vague or multi - intent steps.
5. ** Responsiveness to User State **

- Considers emotional and motivational state.
- Encourages progress even when the user may be uncertain ,

stuck , or fatigued .
6. ** Information and Behavior Value **

- The step adds ** new informational clarity ** or enables a
** meaningful behavioral move **.

- It avoids pseudo - progress (e.g., generic searches or
redundant confirmations ).

- The step should either help the user ** know more about
themselves **, the task , or help them **do something
useful ** toward completion .

------

### Subtle Signs of a *Bad Step Task* ( Despite Seeming Good):
- ** Superficial Informativeness **: Tasks that provide

information that sounds useful but doesn ’t help the user
understand their ** own situation ** or make progress .

- ** Detached Planning **: Suggesting steps that look logical on
paper but ignore what the user actually needs next.

- ** Premature Optimization **: Asking the user to polish , revise ,
or finalize too early.

- ** Overgeneralization **: Offering helpful - sounding advice that
lacks actionable specifics .

- ** Task Drift **: Shifting focus to a different part of the task
than what ’s currently relevant .

- ** Flow Disruption **: Breaking the user ’s momentum with a
cognitively heavy or unrelated task.

- ** Misaligned Tone **: Undermining confidence through overly
critical or impersonal instructions .

------

### Evaluation Tip:

When in doubt , ask:

- ‘‘Would this step help ** this specific user ** make tangible ,
confident progress ** right now **?’’
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- ‘‘Does the step simplify the next move , or does it introduce
new decisions or doubts ?’’

- ‘‘Does this step reflect what the user truly needs at this
moment -not just what the plan says?’’

Even small mismatches -like using the wrong tone , expecting too
much mental load , or skipping over a user ’s uncertainty -can
derail an otherwise strong plan.

## Output Format :
‘‘‘json
{
" assessment ":" an integer score from 1 to 5",
" explanation ":"a brief explanation to justify your evaluation

result "
}
‘‘‘

172



2 Appendix B

2.1 Descriptive statistics of the planning simulation

Table A.4: Initial plan

Item Value

Count 60

Goal length 12.85 ± 4.20

Number of activities 4.83 ± 0.99

Number of tasks 19.13 ± 6.05

Average number of tasks 3.94 ± 0.84

Average length of tasks 13.53 ± 3.61

Table A.5: Step plan

Item Value

Count 300

Progress length 25.07 ± 9.27

Number of communication tasks 2.28 ± 1.24

Number of information tasks 2.08 ± 1.10

Number of action tasks 2.36 ± 1.06

Average length of communication tasks 18.06 ± 6.81

Average length of information tasks 14.08 ± 9.04

Average length of action tasks 17.50 ± 12.37

2.2 Consistency of the evaluation among models
Before comparing the experiment results, the study investigated the consistency of the
evaluations among generation and evaluation models. The results in Table A.11 show
that there are consistently systematic differences among models’ evaluations. By cross
comparing the generation and evaluation models, the results do not show bias that
certain models favor their own generations.
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Table A.6: System memory

Item Value

Count 300

Length of summary 26.46 ± 8.62

Length of user state 16.33 ± 6.52

Length of task familiarity 15.30 ± 4.87

Number of past issues 1.15 ± 1.27

Average length of past issues 4.36 ± 4.18

Number of external constraints 1.57 ± 1.22

Average length of external constraints 5.46 ± 3.84

Number of special requirements 1.75 ± 1.27

Average length of special requirements 6.51 ± 3.91

In addition, to investigate how various LLM configurations influence outcomes,
a preliminary analysis was conducted by adjusting the temperature parameter (e.g.,
from a low value like 0.2 to a higher value like 2.0). The temperature mainly influenced
the standard deviation of the results. A higher temperature led to a larger standard
deviation. Conversely, a lower temperature reduced the standard deviation, producing
more consistent plans and evaluations. Generally, the temperature had a minimal
effect on the mean scores and relative differences in performance between the models.
Therefore, the study used default configurations of each model to simulate the natural
usage.
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Table A.7: Communication

Item Value

Count 300

Number of questions 3.01 ± 1.36

Average length of questions 22.72 ± 8.70

Average length of explanations 22.72 ± 8.70

Response length 83.24 ± 51.09

Table A.8: Information

Item Value

Count 300

Number of information tasks 2.14 ± 1.02

Average length of information tasks 17.15 ± 5.73

Average number of search results 2.84 ± 0.97

Average length of title 7.73 ± 1.83

Average length of source 2.30 ± 1.25

Average length of snippet 48.68 ± 14.62

175



Table A.9: Action

Item Value

Count 300

Number of actions 4.30 ± 1.97

Average length of actions 19.52 ± 10.41

Average length of explanations 27.06 ± 10.28

Number of user actions 4.00 ± 1.97

Count of completed actions 3.11 ± 2.05

Count of partially completed actions 0.29 ± 0.52

Count of incomplete actions 0.57 ± 1.28

Average length of user explanations 45.55 ± 23.51

Table A.10: User memory

Item Value

Count 300

Length of summary 26.56 ± 8.62

Length of user state 16.08 ± 6.56

Length of task familiarity 15.20 ± 4.69

Number of past issues 1.15 ± 1.22

Average length of past issues 4.45 ± 4.14

Number of external constraints 1.55 ± 1.20

Average length of external constraints 5.45 ± 3.80

Number of special requirements 1.77 ± 1.24

Average length of special requirements 6.74 ± 4.01
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Table A.11: Evaluation scores among generation and evaluation models. The differ-
ences in mean values and standard deviations among models are significant tested by
Friedman test with p <0.001.

eval model

gen model
claude-sonnet-4 gemini-2.5-pro gpt-4o

Effectiveness

claude-sonnet-4 3.25 ± 0.84 3.27 ± 1.08 2.94 ± 0.91

gemini-2.5-pro 3.62 ± 1.05 4.02 ± 1.23 3.52 ± 1.28

gpt-4o 4.22 ± 0.60 4.13 ± 0.93 3.91 ± 0.68

Outcome uncertainty

claude-sonnet-4 2.17 ± 0.23 2.49 ± 0.61 2.59 ± 0.63

gemini-2.5-pro 1.78 ± 0.91 1.83 ± 1.11 2.51 ± 1.19

gpt-4o 2.14 ± 0.29 2.40 ± 0.52 2.66 ± 0.60

Action uncertainty

claude-sonnet-4 1.99 ± 0.57 2.12 ± 0.89 2.38 ± 0.87

gemini-2.5-pro 1.75 ± 0.95 1.71 ± 1.11 2.47 ± 1.45

gpt-4o 1.87 ± 0.47 2.04 ± 0.71 2.32 ± 0.69

Intolerance of uncertainty

claude-sonnet-4 2.29 ± 0.28 2.45 ± 0.46 2.55 ± 0.55

gemini-2.5-pro 2.42 ± 1.28 2.23 ± 1.12 3.03 ± 1.12

gpt-4o 2.37 ± 0.44 2.57 ± 0.53 2.75 ± 0.51
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