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Résumé

Le développement rapide de 'intelligence artificielle (IA), allant des modeles comme BERT
aux modeles de fondation a grande échelle, illustre la croissance exponentielle de la taille et
des capacités des modeles, stimulée par les avancées en puissance de calcul et la disponibilité
des données. Les modeles de fondation, qui tirent parti de 'apprentissage auto-supervisé
sur d’énormes ensembles de données non étiquetées, ont montré une polyvalence remar-
quable dans une large gamme de taches, du traitement du langage a la représentation des
connaissances. Cependant, leur dépendance a des données de grande envergure, principa-
lement issues d’Internet, introduit un « écart de connaissances »—un décalage entre les
connaissances généralisées acquises pendant l’entrainement et les connaissances spécialisées
nécessaires pour des domaines spécifiques. Cet écart est principalement causé par des in-
formations insuffisantes, trompeuses ou superficielles disponibles lors de ’entrainement, ce
qui peut mener a des sorties peu fiables, surtout dans des contextes de données rares ou de
mauvaise qualité.

Pour relever ce défi, nous introduisons le cadre Discover, Verify, and Evolve (DiVE).
DiVE est congu pour améliorer la compréhension des modeles de fondation en les dotant de
connaissances profondes et adaptées aux taches en aval.

Le cadre fonctionne en trois étapes :

e Découvrir I'information : Extraire des informations pertinentes et utiles pour pal-
lier le manque de données qui limite la compréhension des modeles dans des domaines
spécialisés.

e Vérifier l’information : Valider les informations recueillies afin de filtrer les in-
exactitudes et les biais, garantissant ainsi que seules des connaissances fiables sont
retenues.

e Faire évoluer I'information : Affiner et développer les informations vérifiées pour
obtenir des connaissances plus approfondies, améliorant ainsi la capacité du modele
a traiter des requétes complexes et a performer avec précision dans des taches spé-

cialisées.



En s’attaquant aux causes profondes de I'écart de connaissances, DiVE aide les modeles
de fondation a passer d’une compréhension générale a une expertise spécialisée, comblant
le fossé entre formation et application. Cette approche améliore la précision des modeles a
travers les domaines et renforce leurs capacités de prise de décision. Dans cette these, nous
démontrons 'efficacité de DiVE a travers des évaluations empiriques, soulignant son potentiel
a améliorer I'adaptabilité et la robustesse des modeles de fondation dans des scénarios réels.

Mots-clés: Agents basés sur LLM, Ancrage linguistique et planification, Apprentissage

incarné.
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Abstract

The rapid evolution of artificial intelligence (AI) from models like BERT to large-scale foun-
dation models illustrates the exponential growth in model sizes and capabilities, driven by
advances in computational power and data availability. Foundation models, which lever-
age self-supervised learning on vast, unlabelled datasets, have shown remarkable versatility
across a wide range of tasks, from language processing to knowledge representation. However,
their reliance on large-scale, predominantly internet-sourced data introduces a “knowledge
ga”—a mismatch between the generalized knowledge acquired during training and the spe-
cialized knowledge required for specific domains. This gap is primarily caused by insufficient,
misleading, or superficial information available during training, which can lead to unreliable
outputs, especially in low-data or poor-data settings.

To address this challenge, we introduce the Discover, Verify, and Evolve (DiVE) frame-
work. DiVE is designed to enhance the understanding of foundation models by equipping
them with deep, tailored knowledge about downstream tasks. The framework operates in
three stages:

e Discover the Information: Extract relevant and useful information to address the
lack of data that limits the model’s understanding of specialized domains.

e Verify the Information: Validate the gathered information to filter out inaccura-
cies and biases, ensuring only reliable knowledge is retained.

e Evolve the Information: Refine and expand on verified information to gain deeper
insights, improving the model’s ability to handle complex queries and perform accu-
rately in specialized tasks.

By addressing the root causes of the knowledge gap, DiVE helps foundation models tran-
sition from general understanding to specialized expertise, bridging the gap between train-
ing and application. This approach enhances model accuracy across domains and improves
decision-making capabilities. In this thesis, we demonstrate the efficacy of DiVE through
empirical evaluations, highlighting its potential to enhance the adaptability and robustness
of foundation models in real-world scenarios.

Keywords: LLM-based Agents, Language Grounding and Planning, Embodied Learning
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Chapter 1

Introduction

The scaling from BERT [1], which was trained on a few GPUs, to foundation models [2, 3, 4,
5], which require thousands of GPUs, illustrates how model sizes have grown exponentially,

along with their capabilities.

1.1. The Foundation Models

Before the advent of foundation models, the concept of a single model excelling across
various domains seemed improbable. Traditional machine learning models [6, 7] were ty-
pically designed and optimized for specific tasks using specialized datasets [8, 9, 10] in a
supervised learning manner. Tasks such as image recognition or object detection required
distinct models, each meticulously trained on carefully curated data. This approach resulted
in a landscape of highly specialized, task-specific solutions, with limited generalizability to
other tasks or domains.

Foundation models, however, break this mold by leveraging self-supervised learning on
vast amounts of unlabelled data. This approach enables them to acquire a broad and deep
understanding of language and knowledge. Unlike traditional models that rely solely on
labeled datasets, foundation models learn from the structure and patterns within the data
itself. By training on large-scale datasets that encompass a diverse range of topics and
formats—often sourced from the internet—these models develop a comprehensive unders-

tanding of language, concepts, and even world knowledge.

1.2. The Knowledge Gap

Foundation models have demonstrated remarkable capabilities across a wide range of

tasks [11, 12]. However, they often encounter challenges in low-data and poor-data settings.



Due to their autoregressive nature, these models have a tendency to “memorize” the training
data. When only limited, misleading, or superficial information is available for a specific
domain, the models may produce unreliable outputs. This occurs because they lack the
contextual understanding needed to distinguish between high-quality, relevant information
and inaccurate or incomplete data.

We formalize these challenges as a “knowledge gap”, which refers to the discrepancy
between what the model has learned during training and what is required for success in
a particular target domain. In other words, the knowledge gap represents the mismatch
between the model’s general understanding and the specialized knowledge necessary for a
specific task.

The underlying causes of this knowledge gap can be categorized into three main areas:

e Insufficient Information from the Internet: Foundation models are primarily
trained on large-scale datasets sourced from the internet, which may not include
detailed or specialized information about niche domains.

e Misleading Information on the Internet: The vast amount of data available
online contains a significant proportion of inaccurate or biased information. During
training, models may inadvertently learn from these unreliable sources, incorpora-
ting false or misleading knowledge that can negatively impact their performance in
specialized contexts.

e Superficial Information from the Internet: Even when information is relevant
and accurate, it is frequently presented at a superficial level. Models trained pre-
dominantly on internet data may develop only a shallow understanding of topics,
lacking the depth required to address complex queries or make nuanced decisions.

In this thesis, we aim to bridge this knowledge gap by developing methods that enhance

foundation models’ understanding of downstream tasks.

1.3. DiVE

To address these challenges, we introduce the framework Discover, Verify, and Evolve
(DiVE). DiVE not only learn the knowledge about the downstream tasks but also evolves
deep knowledge tailored for downstream domains. By equipping foundation models with this
comprehensive knowledge, DiVE bridges the understanding gap between foundation models

and downstream domains, thereby enhancing their decision-making capabilities.



To tackle the root causes of the knowledge gap, DiVE consists of three core components,
forming a robust framework that strengthens foundatio models’ ability to understand and
navigate complex domains:

e Discover the Information: Leveraging the demonstrations, our goal is to uncover
as much useful information as possible. This step is crucial to address the issue
of insufficient information present in the training data, ensuring a comprehensive
understanding of the domain.

e Verify the Information: In this phase, we focus on validating the gathered infor-
mation, rigorously filtering out any unreliable or inaccurate data. By retaining only
verified and trustworthy information, we build a solid and dependable knowledge
base.

e Evolve the Information: With a foundation of reliable information, we aim to
further develop and refine this knowledge. This involves evolving the information into
deeper, more complex insights, fostering a profound understanding of the downstream
tasks and enhancing the model’s ability to perform accurately in specialized contexts.

Together, these components aim to provide comprehensive and deep knowledge about

downstream tasks to foundation models, thereby bridging the potential knowledge gap.






Chapter 2

Literature Reviews

In this chapter, we provide the comprehensive literature reviews about the landscape of
embodied agent that are related to theDiVE and the high-level novelty proposed within
DiVE.

The literature review is mainly composed with three components:

(1) LLMs’ Surprising Reasoning Ability

(2) Building an Embodied Agent

(3) Novelty ofDiVE Comparing with Prior Works

2.1. LLMSs’ Surprising Reasoning Ability

By training autoregressively in a left-to-right sequence, where each token is predicted
based on the preceding ones from an internet-scale corpus, LLMs seem to gain a nuanced
understanding of language and the world it represents [2, 13, 5, 4, 14]. This understanding
allows LLMs to perform decently in tasks that require reasoning ability, such as question-
answering, planning, and mathematics.

Although LLMs demonstrate impressive performance by absorbing vast amounts of in-
ternet knowledge, their reasoning abilities can be further optimized through various post-hoc

methods without accessing or altering their underlying weights.

2.1.1. Enhancing Reasoning through Prompt Engineering

Incorporating the phrase “Let’s think step by step” and providing examples of sequential
solutions helps guide LLMs to break tasks into smaller subtasks, enhancing their reasoning
abilities [15]. The Chain of Thought (CoT) approach significantly improves reasoning, and

the self-consistency method further refines this by generating multiple reasoning paths and



selecting the most consistent one through majority voting [16]. Building on this, the Tree of
Thoughts (ToT) method explores solution paths in a tree-like structure, allowing the model
to evaluate and choose the most promising branches [17]. The Graph of Thoughts (GoT)
extends this concept by enabling LLLMs to consider multiple reasoning paths simultaneously
in a graph-based structure, leading to more comprehensive solutions [18].

Further enhancing reasoning, Program-Aided Language Models (PAL) use programmatic
logic to break down complex tasks, improving problem-solving [19]. The ReAct method inte-
grates reasoning with actions, allowing LLMs to dynamically adjust based on feedback [20].
Multimodal Chain of Thought extends CoT to handle both text and visual information,
enabling multimodal reasoning [21]. Additionally, systems like [22] enhance reasoning by
focusing on multiple dimensions of information simultaneously.

In parallel, methods like KATE optimize few-shot learning by selecting the most rele-
vant examples [23]. Other approaches refine prompt generation and selection: AutoPrompt
uses a gradient-guided search to automate prompt creation [24], while LM-BFF leverages
prompt ensembling for better performance [25]. Prefix-Tuning and Prompt Tuning optimize
prompts with minimal parameter adjustments, improving task performance with reduced
computational costs [26, 27]. PTR combines manual templates with search algorithms for
effective prompt selection [28], and [29] shows that LLMs can act as human-level prompt

engineers, generating optimal prompts using their internal reasoning.

2.1.2. Augmenting LLMs with External Tool Integration

Incorporating external tools like code interpreters, physical simulators, and APIs signi-
ficantly enhances the capabilities of LLMs, enabling them to handle complex tasks that
require extensive computation and memory, areas where LLMs often face challenges. By de-
legating these tasks to external tools, LLMs can also benefit from external feedback, leading
to continuous improvement.

[30] highlight the benefits of integrating physical simulators with LLMs, enabling these
models to perform grounded reasoning. By interacting with simulated environments and
interpreting the results, LLMs can better understand outcomes, leading to improved per-
formance. Similarly,[31, 19, 32] demonstrate how LLMs, when combined with code in-
terpreters, can execute structured programs to solve tasks involving logical deduction and
computation. In these cases, the LLMs generate high-level code, while the code interpreters

manage the necessary low-level logic. On the other hand, [33] introduce a framework in



which LLMs autonomously determine when and how to invoke external tools. Trained to
select the appropriate API, decide when to call it, pass the correct arguments, and incorpo-
rate the results into future predictions, LLMs can handle a broader range of tasks without
human intervention. Without fine-tuning LLMs, [34] demonstrate how LLMs can integrate
multiple tools in a coordinated, multi-step reasoning process. This approach enables LLMs
to solve intricate problems by automatically generating intermediate reasoning steps as a

program.

2.2. Building an Embodied Agent

The development of embodied agents represents a significant leap in the field of artificial
intelligence, where the goal is to create systems capable of perceiving, reasoning, and acting
within complex environments. These agents are not merely passive observers; they must
interact with their surroundings, make decisions based on sensory inputs, and adapt to
dynamic conditions in real-time.

Building such agents requires a deep integration of various components, including percep-
tion, planning, learning, and control. However, the challenges involved in constructing these
agents vary significantly depending on the nature of the embodied environments in which
they operate. Different environments demand distinct strategies and technologies, influen-
cing how agents are designed and trained. In the following subsections, we will explore the
role of embodied environments, examine approaches that utilize domain-specific knowledge,

and discuss the integration of LLMs to enhance the capabilities of embodied agents.

2.2.1. Understanding and Designing Embodied Environments

Embodied environments are crucial for the development and evaluation of embodied
agents, as they provide the simulated or real-world contexts within which these agents ope-
rate. These environments are designed to replicate the complexities of the real world, allowing
agents to learn, adapt, and demonstrate capabilities that are transferable to real-world tasks.

By simulating daily tasks [35, 36, 37], these environments focus on activities such as
cleaning, cooking, and organizing, which require a deep understanding of both language and
the physical world. Building on the ALFRED environment [35], ALFWorld [38] extends this

concept by aligning text-based inputs with embodied environments. This alignment enables



agents to interact with their surroundings in more meaningful ways, effectively bridging the
gap between language and action while eliminating the need for visual input.

On the other hand, Minecraft-based environments [39, 40| provide a distinctive platform
for developing and testing embodied agents within open-ended, highly interactive worlds.
These environments capitalize on the versatility and complexity of Minecraft, where agents
can engage in a broad array of tasks, from resource gathering to construction and exploration.
Unlike more narrowly focused environments, Minecraft-based platforms offer a vast sandbox
that fosters creativity and problem-solving, enabling agents to develop generalized skills that
are applicable across various real-world scenarios.

In a more simplified setting, environments like Crafter [41] and MiniGrid [42] provide
controlled, modular platforms that are ideal for studying specific aspects of agent behavior.
Crafter is a lightweight yet challenging environment that emphasizes resource management
and survival in a procedurally generated 2D world. Inspired by elements of Minecraft but
with a simplified interface, Crafter tasks agents with collecting resources, crafting tools, and
surviving in a hostile environment filled with dangers like wild animals and hunger. The
environment’s focus on long-term planning, resource optimization, and survival strategies
helps agents develop robust decision-making skills that can be generalized to more complex,
real-world situations. MiniGrid is a grid-based, partially observable environment that offers
a variety of tasks, from simple object manipulation to more complex goal-directed behavior.
MiniGrid’s emphasis on partial observation and memory-based challenges makes it particu-
larly valuable for studying how agents can learn to navigate and make decisions with limited

information.

2.2.2. Leveraging Domain-Specific Knowledge in Embodied Agents

In the realm of embodied agents, training approaches that leverage domain-specific know-
ledge have been developed to enable agents to interact effectively with their environment.
These methods can be broadly categorized into self-supervised, planning-based, sequence-
to-sequence, and reinforcement learning approaches.

Self-supervised methods utilize pretext tasks to provide additional training supervision
without requiring extra annotations. For example, [43] proposed tasks such as predicting
depth views and detecting loop closures to aid navigation. These auxiliary tasks accelerate

learning and enhance visual perception, as demonstrated by [44], which improved visual



encoding and segmentation. Additionally, self-supervised learning has been employed to
encourage exploration through curiosity-driven objectives.

Planning-based methods often involve building maps of unknown environments while
addressing localization challenges. SLAM techniques [45], such as Neural SLAM [46], inte-
grate deep learning to enhance localization capabilities. Active Neural SLAM [47] introduces
hierarchical planning structures, achieving state-of-the-art performance in navigation chal-
lenges.

Sequence-to-sequence methods, initially proposed by [48] for vision-and-language navi-
gation (VLN), face challenges with stability and generalization. To address these issues,
RPA [49] introduced a “lookahead” module for future state prediction. Further improve-
ments include data augmentation and the integration of reinforcement learning with imita-
tion learning, as seen in [50]. Advanced models like the Regretful Agent and frameworks
incorporating asynchronous search have been developed to enhance navigation by allowing
agents to backtrack and correct mistakes. Recent research has also explored the role of na-
tural language in embodied AI, emphasizing the importance of language understanding for
better generalization and navigation performance.

Reinforcement learning methods train agents to navigate end-to-end without explicit en-
vironment modeling, using objectives such as imitation learning and reinforcement learning.
For instance, [50] were among the first to employ deep learning for feature matching and
deep reinforcement learning for policy prediction, improving generalization to new environ-
ments. The Successor Representation approach further enhanced interaction with objects
by considering object states and scene descriptions. To improve temporal encoding, [51]
introduced an LSTM layer, and other efforts have focused on augmenting visual inputs with

instance features and diverse visual representations.

2.2.3. Integrating LLMs for Enhanced Embodied Intelligence

The embedded knowledge within LLMs holds significant promise for developing embo-
died agents capable of tackling complex tasks that often require multi-hop reasoning. An
embodied agent using LLMs is defined as an autonomous system that integrates language
processing to navigate and interact within its environment. These agents leverage LLMs
to interpret instructions, execute multi-step reasoning, and adapt to dynamic tasks with

enhanced flexibility and sophistication.



Naively prompting LLMs for task decomposition, as demonstrated in [52], shows that
LLMs can effectively extract actionable knowledge without requiring prior training on spe-
cific tasks. This approach leverages the LLM’s inherent ability to understand and process
complex instructions, enabling agents to break down tasks into manageable steps in a zero-
shot manner. Building on this foundation, [53] further explored how LLMs can be guided
to not only decompose tasks but also describe, explain, and plan actions within intricate
environments. Moreover, the introduction of pre-defined skill libraries [54, 55| has shown
that LLMs can evolve new and advanced skills from existing ones, significantly enhancing
overall agent performance.

In addition to skill evolution, recent work [56, 57] has introduced mechanisms for LLMs
to store state-aware memory and retrieve relevant information during the decision-making
process. This memory integration allows agents to maintain a coherent understanding of
their environment over time, making decisions that are more informed and contextually
appropriate. Further enhancing the capabilities of embodied agents, [58] explored the trans-
lation of natural language instructions into executable robotic commands, which underscores
the importance of LLMs in bridging the gap between human language and robotic action.

Recent research also emphasizes the role of LLMs in enabling agents to understand and
manipulate objects in physical environments. For instance, [59] investigates how LLMs can
guide agents to learn from interaction data, resulting in more effective and adaptive beha-
viors in dynamic settings. Similarly, [60] explores the potential of LLMs in robot learning,
where agents are trained to perform complex tasks by interpreting high-level commands and
executing precise actions.

On the other hand, prompting LLMs for a denser reward function, as explored in [61, 62,
63], has shown promising results in refining the reinforcement learning process for embodied
agents. These approaches utilize the LLM’s ability to understand nuanced task descriptions
and generate more granular reward signals, guiding agents toward more precise and effective

behaviors.

2.3. Novelty of DiVE Comparing with Prior Works

Research Focus: Most prior methods [57, 56, 64, 55] have concentrated on enhancing

the performance of LLMs by leveraging past trajectories and environment feedback through

10



self-reflection. These approaches operate under the assumption that LLMs possess a com-
prehensive understanding of the downstream environment. However, our work diverges by
addressing the knowledge gap in LLMs through learning the dynamics of the downstream
environment. By learning these dynamics, such as associations like “grass can be found
near trees, water, or paths” and “grass is not associated with diamonds, coal, or iron” and
practical rules like “you can walk directly through grass”, we aim to improve LLMs’ general
understanding of their operational environment before they are deployed.

Methodology Difference: Given that LLMs can produce hallucinations, the discove-
red dynamics might contain inaccuracies, as highlighted in our results. Therefore, unlike
methods [57, 56, 55] that rely on LLMs to score experiences or use ground-truth data to
filter incorrect rules, our approach emphasizes the importance of verifying dynamics before
applying them. Valid dynamics, once confirmed, should not conflict with sampled trajec-
tories, and LLMs can effectively identify such inconsistencies. Furthermore, as the number
of trajectories grows, so does the number of discovered dynamics. Our method merges all
verified dynamics, retaining only reliable ones and reducing the size of the dynamics library,
whereas previous methods see an increase in redundant tokens as trajectories accumulate.

Structured Learning from the Trajectories: We introduce a structured learning
approach that acquires environmental knowledge from trajectories using a bottom-up pro-
cess, starting with basic actions and objects, progressing to subtasks, and culminating in
subgoals. This structured learning not only ensures the acquisition of necessary knowledge
at each level but also addresses the challenge of long-term planning by extracting essential
planning information. In contrast, prior method [57, 56, 64, 55] often assume that LLMs
already possess comprehensive knowledge at every level.

Evolve for State-Aware Strategies: Finally, while previous approaches [57, 56, 64,
55| typically retrieve the most similar experiences or append all experiences, our method
asks LLMs to derive a strategy for the current state in real-time, using all discovered and
verified dynamics. This approach, as demonstrated in our experiments, not only improves
performance but also uncovers novel and insightful strategies, such as using collected stones to
build a protective barrier around a safe location during nighttime—a strategy not previously

present in the knowledge library.
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Chapter 3

Enhancing Agent Learning through World
Dynamics Modeling

In this chapter, we present the motivation behind DiVE, describe its methodology in detail,

and evaluate its performance through a series of experiments.

3.1. Introduction

: LLMs’ Knowledge @

: Domain Knowledge

: Overlapping Knowledge

Fig. 3.1. The gap in knowledge between LLMs and the target domain.Even though LLMs
are trained on vast internet-scale data, they may still not possess the required domain-specific

expertise.

Large Language Models (LLMs) acquire a sophisticated understanding of world dynamics

by sequentially absorbing vast amounts of information from the internet [2, 3, 65, 13]. This
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deep comprehension enables them to excel in tasks such as question answering [11, 66, 12],
planning [67, 65, 52|, and commonsense reasoning [20, 17, 18]. However, achieving this
level of proficiency hinges on the diversity, precision, and comprehensiveness of the training
data, ensuring that it captures the necessary domain-specific information.

A deficiency in such data can lead to a knowledge gap between LLMs and the targeted
domain, as shown in Figure 3.1. Since LLMs tend to replicate the most common patterns
in their training datasets [68], it is crucial that domain-specific data is not only available
online but also appears frequently enough to be learned. For emerging or niche downstream
tasks [41, 42], meeting this requirement can be challenging, often resulting in suboptimal
decision-making by LLMs.

Effective decision-making requires access to high-quality, domain-specific information,
which can be difficult to find and validate within the vast expanse of internet data [69]. The
process of identifying and validating this information against authoritative domain know-
ledge is both labor-intensive and error-prone. Therefore, equipping LLMs with the detailed
and accurate knowledge necessary for effective decision-making remains a significant chal-
lenge. Even when LLMs have a general understanding of a domain, optimal decision-making
requires deep, context-specific knowledge. By providing such detailed information, LLMs’
comprehension of both the environment and the current state can be significantly enhanced.
For example, mastering the game of Go requires not just an understanding of its basic rules
but also strategies tailored to specific board situations. This specialized knowledge can vary
not only across different domains but also within different states of the same domain, making
it impractical to compile offline.

To address these challenges, we introduce the framework Discover, Verify, and Evolve
(DiVE). Drawing on the concept of World Models [70, 71, 72], DiVE not only identi-
fies and verifies fundamental world dynamics from demonstrations but also evolves state-
specific knowledge for downstream domains. By equipping LLMs with this comprehensive
knowledge, DiVE bridges the understanding gap between LLMs and downstream domains,
thereby improving their decision-making capabilities.

e The Discoverer: This component iteratively uncovers the environment’s dynamics
through provided demonstrations. Starting with the basic dynamics of actions and
objects, it progresses to identifying the steps of subtasks, and ultimately determines
the topological sequence of subgoals. This curriculum learning approach ensures both

efficiency and a comprehensive understanding of the environment.
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e The Verifier: To maintain the integrity of the knowledge base, this component
filters out inaccuracies resulting from the LLMs’ tendency to generate erroneous
information, ensuring that only accurate and reliable data is retained.

e The Evolver: This component explores state-specific dynamics, such as strategic
plays or contextual decisions. By doing so, it equips the agent with actionable know-
ledge tailored to the current state, thus enhancing real-time decision-making.

In the Crafter environment [41], DiVE learns comprehensive and accurate dynamics from
demonstrations, guiding the agent through the decision-making process by developing in-
depth knowledge. This guidance enables the agent to outperform strong baselines, including
the best-reported systems, and to achieve rewards on par with human players. We also
present quantitative and qualitative analyses that provide insights into DiVE’s behavior,
demonstrating the effectiveness of the proposed framework.

In summary, our main contribution is a general framework that autonomously learns
world dynamics from demonstrations and aids LLMs in decision-making by evolving contex-
tual knowledge. This approach not only enhances LLMs’ capabilities in specific domains but
also provides a flexible foundation for creating agents capable of mastering complex tasks

across various environments through continuous learning and refinement.

3.2. Problem Formulation

We acknowledge that precisely measuring the overlap between the LLM’s knowledge and
the target domain is challenging. Therefore, we adopt these concepts from Information

Retrieval and related fields [73] to guide our system’s design.

3.2.1. The Knowledge Gap

In this study, we consider a scenario where a pre-trained LLM-based agent is tasked with
solving challenges in the Crafter environment. We define ICq.;, as the set of knowledge encap-
sulated in the LLM through its training (including both pre-training and fine-tuning), and
Ktarget as the comprehensive set of knowledge required for success in the Crafter environment.

For the LLM to be effective, we aim to maximize K., the subset of Kq.in relevant
to Kiarget- Additionally, we strive for Ko to contain more accurate knowledge K, than
inaccurate knowledge K_, with K. = Ky UK _.
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Thus, we establish three desirable properties for our system design:

e Recall R = | 1C|$+g|t\ quantifies the extent to which the LLM’s knowledge covers the

knowledge required to solve tasks in the target domain. A low recall generally indi-

cates a significant distribution gap between the LLM’s training data and the target

domain.

e Precision P = ‘VCC +1|| assesses the accuracy of the LLM’s knowledge when applied to
the target domain.
e Depth D evaluates the levels of abstraction within the knowledge representations,

ranging from basic game mechanics to high-level strategies.

3.2.2. Challenges of Fine-tuning

In an ideal scenario, addressing the knowledge gap in a large language model (LLM)
would involve fine-tuning the model to adapt it to a specific target domain. This approach
capitalizes on the model’s inherent ability to learn and internalize domain-specific nuances by
re-training it on data relevant to that domain. The advantages of such an approach include
improved performance on specialized tasks, such question-answering [74, 75, 76|, aligning
with human preference [77, 78, 79|, grounding LLMs [80].

However, this fine-tuning process is not without its challenges, which often make it im-
practical:

e Necessity of Abundant Annotated Data: Fine-tuning an LLM requires a si-
gnificant amount of annotated data from the target domain to achieve meaningful
improvements. For many specialized fields, such annotated data is scarce or costly to
produce. Domains like medical research or legal analysis require expert annotation,
which is both time-consuming and expensive [81, 82]. Without adequate data, the
model may fail to generalize well to the domain, leading to suboptimal performance.

e Significant Computational Resources: Fine-tuning large models requires sub-
stantial computational resources, including powerful GPUs or TPUs and large me-
mory capacities, which significantly increases both the cost and time needed for trai-
ning. This challenge is particularly acute for smaller organizations or research teams
that may not have access to such resources [76, 75]. To address these challenges,
techniques like low-rank adaptation (LoRA) have been proposed, which reduce the
number of trainable parameters and thus lower the computational burden while still

achieving competitive performance in domain-specific tasks [76]. However, as model
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size often correlates with performance, the increasing scale of modern LLMs further
exacerbates the demand for computational resources, making efficient fine-tuning
even more challenging.

e Catastrophic Forgetting: During the fine-tuning, there is the risk of catastrophic
forgetting, where the model loses previously acquired knowledge while adapting to
the new domain [83]. This phenomenon occurs because the fine-tuning process often
involves updating the model’s weights based on new domain-specific data, which can
inadvertently overwrite the representations and knowledge learned from the original,
broader dataset. This trade-off can be particularly problematic in scenarios where the
model needs to retain general knowledge while also performing well in a specialized
domain [84]. Strategies such as elastic weight consolidation (EWC) [85] have been
proposed to address this issue, helping to preserve previous knowledge while allowing
for domain-specific adaptation [83]

e Restricted Access to Model Weights: An increasing number of large language
models are becoming closed-source [2, 14, 3, 65|, limiting access to their underlying
weights. This restriction prevents researchers and developers from fine-tuning these
models for specific domains or tasks [86]. Consequently, fine-tuning must rely on
alternative approaches such as API-based prompt engineering or the use of smaller,
open-source models, which may not achieve the same performance as direct fine-
tuning. This trend presents a significant barrier to fine-tuning efforts.

To address the knowledge gap and challenges associated with direct fine-tuning of LLMs,
we propose DiVE, a method designed to bridge this gap by learning environment dynamics.

Further details on this approach are provided in Section 3.4.

3.3. Environment

In this section, we provide a brief overview of the environments used for evaluation.
DiVE is assessed within hierarchical achievement environments, specifically Crafter [41] and
MiniGrid [42].

17



(a) Crafter Environment (b) MiniGrid Environment

Fig. 3.2. Screenshots of the Crafter and MiniGrid Environments.

3.3.1. Hierarchical Achievement Environments

Environments characterized by hierarchical achievements [41, 42|, denoted as C; € C,
function interactively. At each time step t, an agent observes o; € O and must choose an
action a; € A. Subsequently, the environment generates a new observation oy 1, reflecting the
resulting state. Within any given environment Cj, the achievement structure is represented
as a directed acyclic graph (DAG), G = (V, E).

Here, each vertex v € V corresponds to an individual achievement, while each edge
(u,v) € E signifies that achievement v is contingent upon the prior achievement w. Achie-
ving v requires unlocking all its prerequisite achievements. The overarching objective is to

maximize the number of achievements unlocked, adhering to these dependency relationships.

3.3.2. The Crafter Environment

We employ the Crafter environment as a benchmark for evaluating an agent’s performance
in contexts involving hierarchical achievements. The Crafter environment [41] presents a

complex, long-horizon challenge where the ultimate objective is to collect a diamond, a task
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that typically requires the agent to take hundreds of steps. The environment is structured
around a technology tree, a hierarchical set of achievements that the agent must unlock in
sequence to progress toward the final goal. Therefore, the agent must strategically determine
the topological order of these achievements, ensuring that all prerequisite achievements are
completed before advancing to higher-level tasks.

The environment is further complicated by its survival elements. The agent must manage
limited resources, such as food and tools, while also defending itself against hostile creatures
that can appear at any moment. Resource management is critical, as failing to maintain
sufficient food levels or allowing tools to degrade can result in the agent’s failure to survive.
The combination of these survival requirements and the hierarchical nature of the technology
tree creates a highly challenging environment where the agent must balance immediate needs

with long-term objectives.

3.3.3. The MiniGrid Environment

In addition to the Crafter environment, we utilize the MiniGrid environment as another
benchmark for evaluating an agent’s performance, specifically in settings that emphasize
efficient exploration, reasoning, and memory. MiniGrid is a collection of lightweight, grid-
based environments designed to test an agent’s ability to navigate and solve tasks in a
partially observable setting. Each grid world is composed of a series of rooms, corridors, and
objects, with the agent needing to find an optimal path to complete the task at hand.

MiniGrid environments are particularly notable for their focus on minimal visual com-
plexity, which shifts the emphasis toward the agent’s cognitive abilities rather than sensory
processing. This makes MiniGrid an ideal environment for testing the underlying reasoning
and planning capabilities of an agent, especially those involving hierarchical decision-making.
The environment typically presents the agent with a series of rooms connected by doors, with
keys and other objects placed within. The agent must explore the grid, locate keys, open
doors, and reach a designated goal location, all while operating under partial observability

where only a portion of the grid is visible at any given time.
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Fig. 3.3. The overall pipeline of DiVE. Left: Learning basic game dynamics from offline
demonstrations (Section 3.4). We highlight the incorrect game dynamics identified by the
Verifier (marked with x), which indicate that the LLM may be hallucinating false facts,
possibly due to memorization of Minecraft data. Right: Learning situational strategies
through online interactions (Section 3.4). For clarity, the verbalization process is omitted in

the right figure.

3.4. Methodology

To address the knowledge gap between LLMs and downstream environments, we intro-
duce our framework, DiVE. This framework is designed to bridge this gap by focusing on
three essential properties: recall, precision, and depth. Notably, DiVE achieves this wi-
thout requiring extensive data collection from the target domain. Instead, it employs a
prompt-based approach that allows the model to effectively learn world dynamics W from
the environment.

As illustrated in Figure 3.3, DiVE begins by leveraging a small set of human demons-
tration trajectories, represented as H = {r;}X, = {{Oi,ai,ri}l‘;lo}fio. Each trajectory
consists of a sequence of observations o!, actions ai, and rewards r¢ over time steps t. To
make these observations more interpretable by the LLM, each observation o, is converted into
the language space using a Verbalizer function, resulting in 0, = Verbalizer(o;). This trans-
formation converts the human demonstration trajectories into language-encoded trajectories
7 = {0 ap. i}l

In the subsequent phase, the Discoverer component of DiVE extracts a set of world

dynamic candidates, denoted as W = {W,, W_}, from the human demonstrations H. Here,
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W, includes the correct world dynamics, while W_ comprises the incorrect or misleading
world dynamics.

In essence, we prompt LLMs with trajectories to uncover game dynamics at varying levels
of abstraction:

e Action-level dynamics: We prompt LLMs with transitions (two consecutive frames
and the action in between) to identify action-level dynamics.
— Discovered example: Stone turns into a path after collecting stone.
e Object-level dynamics: We use transitions involving specific objects to prompt
LLMs to discover dynamics related to those objects.
— Discovered example: Stone can be found near iron, coal, and diamond.
e Subtask-level dynamics: We prompt LLMs with a sequence of transitions that
complete a subtask, helping to uncover subtask-level dynamics.
— Discovered example: Step 1 for collecting stone: Locate a stone block within
immediate reach by navigating the environment.
e Subgoal-level dynamics: We prompt LLMs with a sequence of completed subtasks
within a trajectory to reveal subgoal-level dynamics.
— Discovered example: Subgoal 1: Collect 4 units of wood while maintaining ade-
quate levels of health, food, drink, and energy.

It is empirically inevitable to encounter incorrect dynamics W_ within the set W. This
can occur due to limitations in the backbone LLM, which may struggle to extract meaningful
knowledge from the trajectory data or might generate hallucinated, inaccurate information.
To mitigate this, we introduce the Verifier component, which filters out potentially invalid
or conflicting world dynamic candidates from W. The valid dynamics that remain after this
filtering process are denoted as W.

Once a reliable set of world dynamics W is established, the Evolver component is em-
ployed to derive advanced game-playing strategies Z. These strategies are formulated based
on the world dynamics VW and the language descriptions of the observations 0.

The final decision-making process for selecting primitive actions a; € A is hierarchically
decomposed into several planning tasks. These tasks involve determining sub-goals (SG),
sub-tasks (ST), and actions (A). The planning procedure is further guided by both the world
dynamics W and the strategies Z. In situations where YW # @, the properties of recall (R),

precision (P), and depth (D) are guaranteed to improve as follows:
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DiVE is composed of two major components: learning basic game dynamics from offline
demonstrations (Figure 3.3, left) and learning situational strategies from online interactions
(Figure 3.3, right).

3.4.1. Learning from Offline Demonstrations

The objective of the offline dynamics learning process is to align a Large Language Model’s
(LLM’s) understanding with the foundational rules of the Crafter world by acquiring know-
ledge of its dynamics, represented as V. This acquired understanding acts as a prior to
inform subsequent decision-making processes. Unlike methods that derive world dynamics
from human-authored game manuals or handbooks [64, 87|, which may be impractical in
many real-world situations, our approach focuses on learning world dynamics W directly

from observed experiences H.

Curriculum Learning

Given the varying levels of complexity involved in understanding the dynamics of different
elements within Crafter, we adopt a curriculum learning strategy [88]. This strategy involves
a sequential learning process that progresses from simpler to more complex dynamics, thereby
enhancing the learning process. Specifically, we propose a method for learning the dynamics
of each element within a task decomposition hierarchy, denoted as TD = { A+ (0O), ST, SG},
where O represents the set of objects in Crafter. Our approach begins with elements of lower
abstraction, such as actions a € A, and advances to elements of higher abstraction, such
as sub-goals sg; € SG. The sequence of sub-goals, SG = [sg1, S¢g2, . . .|, follows an ordered
progression required to unlock achievements in the achievement graph G = (V, E), where SG
is determined by performing a topological sort on G, with each sg; corresponding to a vertex
in V. We utilize the Discoverer to extract this order from human demonstrations H. Sub-

tasks ST are defined as the nodes in the achievement graph G, i.e., ST =V, and completing
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a sub-goal sg; may require accomplishing several sub-tasks multiple times. This structured
approach ensures a logical progression through the tasks, enhancing both the learning and

application of Crafter’s dynamics.

Discover

The Discoverer is designed to identify dynamic candidates W related to the elements within
the task decomposition hierarchy T'D. A single dynamics discovery step for an element
E € TD involves the following three main steps:

(1) Construction of a Semantic Experience Bank (B%): For each element F, a
semantic experience bank B¥ is created from human demonstrations H. This bank
stores experiences that have been transformed from H into a suitable granularity for
analyzing dynamics related to E. The transformation process involves chunking and
summarizing the verbalized human demonstrations H to capture essential semantic
details.

(2) Sampling of Relevant Experiences: For each attribute of an instance e € E, a
subset of experiences BY that are relevant to the instance e is sampled from BE.

(3) Identification of Dynamic Candidates: A dynamic candidate @ is identified
from the subset BY by recognizing patterns that are consistent across all experiences
within BE.

The action-level semantic experience bank, denoted as B+, stores transition tuples deri-
ved from verbalized human demonstrations H, specifically BA = {{6,, a,, 5t+1}i}LE?‘. Simi-
larly, the object-level semantic experience bank BY collects individual observations related
to specific object interactions from H, stored as BY = {6i}|£f|. The sub-task-level se-
mantic experience bank BT aggregates trajectory segments representing the completion of
sub-tasks, formatted as BT = {{6,, ..., as, 6tst+1}i}EfT|, where tst denotes the time step
at which a sub-task st € ST is completed. For sub-goals, the sub-goal-level experience
bank B¢ records sequences of sub-tasks leading to the completion of sub-goals, expressed
as B¢ = {{sty,... ,sttsg}z-}yjal, where tsg is the time step at which the sub-goal sg is
achieved.

For action-level dynamics learning, the relevant experiences B:* are compiled by ran-
domly sampling transition tuples from B4 where the action a is successfully executed. A
similar approach is applied to the dynamic learning for other elements within the task de-
composition hierarchy T'D. For action-level dynamics discovery, we identify the prerequisites

and outcomes of each action (e.g., The action MakeWoodPickaxe requires 1 wood). For an
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example, see Figure 3.4. For object-level dynamics, we concentrate on the co-occurrence re-
lationships between objects and their occurrences over time. The attribute set for a sub-task
typically includes the general steps required to complete the task, along with its prerequi-
sites, outcomes, and termination conditions. The only attribute of interest for a sub-goal is

its correct position within the sub-goal sequence SG.

Algorithm 1: Pseudo-code for the Discoverer Algorithm

Input: Verbalized human demonstrations H, current element E € T'D for discovering,

dynamics of E’s parents {Wy }v cparents(E)

Constant: Discovery steps s, action space A, object set O, semantic trajectory
transformation function 7%, dynamic distillation function D¥, semantic
sampling function Sg.

Result: Wg

We + {};

BP « TE(H) ; /* BF is the semantic experience bank. */

for k <+ 1 to s do
for e € E do
for x € n.attributes do
BE + Sg(n, BE);
y « DP(z, BE, {Wy'});
WE — WE U{y}

end

end

end

Dynamic discovery processes are susceptible to various sources of noise, such as confoun-
ding factors, hallucinations by the language model (LLM), and the LLM’s limitations in
extracting meaningful knowledge from trajectory data. To mitigate these issues, we intro-

duce a dynamic verifier designed to filter out noisy dynamic candidates from the set W.
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In the Crafter environment, the world dynamics are unique.
You are tasked with discovering the unique dynamics of actions within this environ-
ment.
Given the state transitions described as follows: {partial description}, identify the
materials used in the inventory for executing this action.
To discover the materials used in the inventory, consider the following aspects:
e List all the materials used not gained for each state transition and their cor-
responding quantities;
e List all the common materials used in all state transitions and their corres-
ponding quantities.
If no materials are used in common, simply output as "None".
materials are: wood, stone, coal, iron, diamond, sapling.
Output as many pre-conditions as you can think of in the following format: {output

format}

Fig. 3.4. An example prompts for the Discoverer to Discover the Action’s attribute
Verifier

For each candidate w € W, the verifier begins by selecting a subset of relevant semantic expe-
riences BE from the associated semantic experience bank Bp. Here, w represents a dynamic
candidate linked to a specific attribute of an instance e € F, where £ € A+ (0), ST, SG
corresponds to an element of the task decomposition hierarchy T'D. The verification process
then evaluates whether w consistently holds across all experiences within BZ and does not
contradict any established dynamics. Candidates that fail to meet these criteria are discar-
ded, while those that pass are classified as verified dynamics, represented as VV. See Figure

3.5 for an example.

3.4.2. Learning Situational Strategies

To effectively integrate the learned world dynamics, denoted as W, into the Crafter envi-
ronments, we deploy an agent based on a Large Language Model (LLM), represented by the
function 7 : S X W — P(A). Here, S refers to the state space, A represents the action space,
and P is the probability distribution over the action space. Instead of directly mapping the
world dynamics W and the current state observation o; to the action a;, we address the

challenge of long-horizon planning by employing an online strategy learning approach. This
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method decomposes the planning process into three key tasks: sub-goal planning, sub-task

planning, and action planning.

In the crafter environment, you have discovered unique dynamics and need to verify
the pre-conditions for the action ’{action}’.
Given the state transitions before and after taking the action {action}, described as
follows {sampled descriptions}
You are asked to verify the immediate objects pre-conditions for the action ’action’
based on the discovered dynamics.
Precondition: You only need {precondition} within immediate distance.
For the verification, you need to consider the followings:
e List all the objects within immediate distance before executing the action for
each state transition only from the object list.
e Identify and list the objects that are present in all state transitions within the
immediate distance before executing the action as common immediate objects,
only from the object list.

t **must** be present in all state transitions’ immediate

e The common objec
objects.
e Determine if there are objects mentioned in the pre-condition that are not in
the common immediate objects.
e If there are objects mentioned in the pre-condition that are not in the common
immediate objects, then it is invalid; otherwise, it is valid.
Object list: [coal, cow, diamond, furnace, iron, lava, skeleton, stone, table, tree, water,
zombie, plant]

Output in this format: {output format}

Fig. 3.5. An example prompts for the Verifier to Verify the Action’s attribute

Sub-goal Planning

Given a sequence of sub-goals, SG = [sgi, sga, . ..], derived from human demonstrations H
and treated as fixed, we employ a simple heuristic for sub-goal planning. As each sub-goal is
achieved, the current sub-goal is updated to the next uncompleted sub-goal in the sequence

SG.
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Given the following details:
e Subtask description
e Current observation
e Initial observation
e Previous executed actions
you are asked to decide whether the subtask should be terminated or not.
For deciding whether to terminate the subtask, consider:
e The previous action, provided it was executed successfully.
e The difference between the initial and current observations, including the in-
ventory changes.
The subtask should be terminated, and the output should be "True’ only if any of its
termination conditions are met.
Otherwise, if none of the termination conditions are met, the subtask should continue
running, and the output should be "False’.
Justify whether the termination conditions are met or not first, and then provide the

termination decision. Output in this format: {output format}.

Fig. 3.6. The prompt for the subtask planning

Sub-task Planning

For a given current sub-goal sg;, we utilize an LLM-based sub-task planner. This planner
assesses and ranks all potential sub-tasks st € ST based on the learned world dynamics
W, the verbalized current observation ot, and the most recently completed sub-task stt — 1.
The sub-task with the highest rank is selected as the current sub-task st;. To ensure cor-
rect execution, the completion of a sub-task st depends on satisfying a specific termination
condition. This condition is determined by querying the LLM using the current verbalized
observation, the observation at the start of the sub-task, and the termination criteria for the

current sub-task. The detailed prompt can be found in 3.6.

Evolve Situational Strategies

Beyond mastering the basic rules of the Crafter environment (i.e., world dynamics W),
we delve into the development of sophisticated game-playing strategies grounded in these
dynamics. While learning the world dynamics is straightforward, the strategy space is often
too expansive to explore exhaustively. To tackle this challenge, we propose evolving these
dynamics into strategies Z through an online learning approach. This approach narrows the
search space by conditioning not only on the world dynamics ¥V but also on the verbalized

current observation o; and the sub-task st;. This focused method generates strategies that
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are more relevant and adaptive to the current game scenarios compared to those derived
through offline methods.

To achieve this, we have developed an LLM-based Evolver that formulates strategy candi-
dates 7 using deductive reasoning based on W. Specifically, the Evolver generates these
strategy candidates by applying rules of inference, such as modus ponens. The generated
strategy candidates 7 are then evaluated for their validity and ranked for their usefulness by
an LLM-based critic. Finally, the candidates deemed valid and useful are incorporated into

the situational strategy set Z. A detailed demonstration can be found ?7.

Action Planning
The action selection process is conducted in two main steps:

(1) Invalid Action Masking: In this step, any actions that are not viable given the cur-
rent game conditions are masked out. This masking is based on the verified world
dynamics W and the current observation o;.

(2) Action Selection: From the remaining valid actions, a specific primitive action a is
selected. This choice is informed by multiple factors, including the current sub-task
st;, the verbalized current observation o;, the world dynamics VW, a windowed history

of previously planned actions and observations, and the derived strategies Z.
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Given the following details:

e Primitive dynamics

e Current subtask

e Current observation

You are asked to identify the difficulties in completing the current subtask and provide
3 primitive or evolved dynamics to solve each of these difficulties.
Instructions for identifying difficulties:

e List the objects required to complete the subtask, specify their locations, and
explain where to find them if they are not in the current observation.

e Outline all possible obstacles that may be encountered along the way.

Instructions for evolving advanced dynamics:

e Do not introduce any new objects that are not part of the primitive dynamics.

e The evolved dynamics should not contradict the primitive dynamics.

e If a difficulty cannot be resolved by existing dynamics, evolve new and advan-
ced dynamics by combining only existing dynamics using deductive reasoning.

Instructions for providing deductive reasoning steps:

e For each evolved dynamics, provide the used primitive dynamics.

e For the deductive reasoning steps, provide the steps to combine the primitive
dynamics to evolve the advanced dynamics and the rule of inference used
(Modus Ponens, Modus Tollens, ...... )

Last, for each situation and dynamics should be general and do not contain details
about specific locations about the objects.
Output in the following format:{output format} and leaves 'None’ for deductive rea-

soning steps if the dynamics are primitive.

Fig. 3.7. The prompt for evolving situational strategies

3.5. Experiment

In this section, we first outline our experimental setup, covering the evaluation metrics and
the baseline models used for comparison (Section 3.5.1). Following that, we present the
primary results (Section 3.5.4). Moreover, we perform a series of controlled experiments

and provide both quantitative and qualitative analyses to gain deeper insights into DiVE

(Sections 3.5.5 and 3.5.6).
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3.5.1. Environment Settings

Crafter

Crafter is an open-world survival games set on 64 x 64 grid maps. These maps are popula-
ted with a variety of materials, including tree, stone, coal, as well as entities such as cow,
zombie and skeleton, which spawn semi-randomly. The games feature an achievement graph
comprising 22 unique achievements spread across 7 levels. The agent perceives its surroun-
dings through a local 7 x 9 window and is also aware of its current status within the game
environment.

The action space includes {up, down, left, right, make X, place X, defeat X, sleep}. Ad-

ditionally, the agent is required to follow the technology tree to advance its crafting abilities.

Fig. 3.8. The MiniGrid environment configurations. Left: The MiniGrid-UnlockDoors
Environment. Right: The MiniGrid-UnlockGoals Environment.

MiniGrid-UnlockGoals

UnlockGoals is a 21x21 MiniGrid environment consisting of 10 rooms, as illustrated on the
left in Figure 3.8. Each room contains 1 box, 1 ball, 1 subgoal, and 1 locked door. The agent
can only see the contents of a room after unlocking it with a key. Each subgoal requires
either a ball or a box to unlock. The agent’s goal is to unlock all 10 subgoals. Note that
the color mapping between doors and keys is randomly shuffled, as is the mapping between

subgoals and the required colored balls or boxes.
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The action space is {pick X key, pick X box, pick X ball, unlock X door, un-
lock_ X subgoal, drop key, drop box, drop ball}. Meanwhile, the agent has a single

space in its inventory, i.e., it can only take one item at a time.

MiniGrid-UnlockDoors

UnlockDoors is a 21x21 MiniGrid environment with 10 rooms and 10 keys, in different colors,,
as illustrated on the right in Figure 3.8.. Each room can be accessed through a door that
needs to be unlocked first by a key. An agent’s goal is to unlock all 10 doors in a row in a
specific order to reach the final room. Note the color mapping between doors and keys is
randomly shuffled (but stays unchanged throughout the game), so the agent cannot rely on
commonsense to guess the mapping.

The action space is {pick_X_key, unlock_X_door, drop_ key, go_to_ goal}, we bypass the
need for navigation due to time constraints. Note the agent has a single space in its inventory,

i.e., it can only take one key at a time.

It is daytime

State description:

e East: immediate (grass); nearby (unexplored
area)

Closest:

e grass: North 1 blocks away (immediate) (ob-
jects in between: None)

Your status:

e health: 9/9

You have nothing in your inventory.

Fig. 3.9. An example of the Verbalizer’s output in the Crafter environment.
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3.5.2. Verbalizer

Verbalizer for Crafter Environment

The verbalizer’s text description for the Crafter environment provides the following details:
the nearest object of each type within the accumulated observations, the objects positioned
between these closest objects, the objects located in each direction, and the current status

and inventory of the agent, as shown in Figure 3.9

Verbalizer for MiniGrid Environment
The verbalizer’s text description for the MiniGrid environment provides the following details:
the keys that can be picked up, the doors, the box and the squares that are not behind the

locked door., as shown in Figure 3.10

You observe:
A green key is on the ground
A blue key is on the ground
A pink key is on the ground.
Door blue is locked.
Door grey is locked.
Door black is locked.

Fig. 3.10. An example of the Verbalizer’s output in the MiniGrid environment.

3.5.3. Evaluation Metrics

Evaluation Metrics For Crafter Environment

Building upon previous research [41], we evaluate the agent using two primary metrics:
reward and score. The reward metric assigns +1 for each new achievement unlocked (e.g.,
crafting a wooden pickaxe or placing a furnace) and £0.1 for every health point gained or lost.
The score metric, on the other hand, aggregates the success rates across all achievements. To
account for the varying levels of difficulty associated with each achievement, it is calculated by

averaging the success rates in log-space, also known as the geometric mean. This approach
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ensures that the score reflects the challenges of the achievements without requiring prior
knowledge of their difficulty.

Evaluation Metrics For MiniGrid Environment

For the MiniGrid environment [42], we evaluate the agent’s performance based on two cri-
teria: effectiveness and efficiency. The agent’s effectiveness is measured by the number of
target objectives that have been achieved. For example, in the UnlockDoors environment,
this refers to the number of doors unlocked, while in the UnlockGoals environment, it refers
to the number of goals completed. Efficiency is evaluated by the total number of steps taken

to successfully complete each environment.

3.5.4. Overall Results

Crafter Environment

Table 3.1 highlights that DiVE significantly outperforms all other baseline methods across
two key evaluation metrics. Specifically, DiVE surpasses the previous state-of-the-art
(SOTA) LLM-based method, SPRING!, by a remarkable margin, demonstrating a 337.8%
relative improvement in score and a 110.1% enhancement in reward. Furthermore, DiVE also
exceeds the prior SOTA RL-based approach, DreamerV3, with a 21.4% absolute increase in
score and a 2.8-point absolute improvement in reward. Impressively, DiVE achieves reward
levels comparable to those of domain-expert human players, despite utilizing only 10 human

demonstrations.

MiniGrid Environment

In the UnlockGoals environment, DiVE successfully unlocked all subgoals across all 5 trials,
with an average of 179.6 steps per trial and a standard deviation of 37.7. In contrast, CoT
with memory failed in all 5 trials, even within a 400-step budget. Additionally, when the
mapping was not randomized, CoT with memory still failed in all 5 trials under the same
400-step limit.

In the UnlockDoors environment, DiVE successfully reached the goal in all 5 trials, avera-
ging 35.3 steps per trial with a standard deviation of 8.3. By comparison, CoT with memory

failed to reach the goal within the 100-step limit in all 5 trials. However, when tested on

IResults were obtained by executing the official SPRING code using the same LLM configuration (GPT-

40) and environment random seeds as DiVE, ensuring a fair comparison.
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Methods Score Reward

Component analysis

DiVE 3594+ 3.2% 14.5+2.4
w/o E 21.14+9.7% 11.3+4.3
w/o V 9.8+1.0% 10.14+0.7
w/o V&E 11.5+4.9% 83+3.8
w/o D&V&E 09+01% 25+1.3
CoT 1.3+£03% 25405
CoT + D&V 3.6+£0.9% 3.9+23
Dynamics from distinct sources

DiVE 3594+3.2% 14.5+2.4
w /o D&V+ST 15.7+53% 89+5.1
w/o D&V&E+ST 121 +4.6% 8.7+3.0
w/o D&V&E+HT 34.2+2.8% 145+0.9

Tableau 3.1. The impact of various components on performance is analyzed. The abbre-
viations D, V, and E represent Discover, Verifier, and Evolver, respectively. ST refers to the
manually defined dynamics used in the SPRING paper, while Hf denotes human-annotated

dynamics.

UnlockDoors without randomizing the mapping between keys and doors, CoT with memory

succeeded in 3 out of 5 trials within the 100-step budget.

3.5.5. Quantitative Analysis

Ablation study for Crafter Environment

Performance We conducted an ablation study to clarify the contribution of individual
components to the overall performance of our method. The first section of Table 3.1 presents
various variants of DiVE designed to evaluate the effectiveness of each component. The
substantial performance gap between DiVE and its variant without the Evolver component
highlights the critical role of the Evolver in developing effective gameplay strategies based on
world dynamics W, thereby enhancing the agent’s capabilities in the Crafter environment.
Similarly, the observed performance drop in the variant without the Verifier component

emphasizes the necessity of formulating strategies Z based on accurate world dynamics W.
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Additionally, the further performance decline in the version lacking both the Verifier and
Evolver components demonstrates their complementary roles—where the Verifier ensures
precision in dynamics and the Evolver facilitates strategy development.

When DiVE is stripped of the Discoverer, Verifier, and Evolver components, its performance
reverts to the CoT baseline. This outcome indicates that decomposing the task according to
the hierarchy H without incorporating domain knowledge Kyarget provides no benefit. Moreo-
ver, the notable performance difference between the CoT + D&V variant and DiVE without
the Evolver component further illustrates that an LLM-based agent struggles with long-
horizon planning tasks without task decomposition, thereby underscoring the importance of

the decomposition hierarchy H.

Source of Dynamics We also examined how DiVE performs when using world dynamics
derived from different sources. The second section of Table 3.1 shows that DiVE significantly
outperforms variants utilizing dynamics ST, as employed in the SPRING paper [64]. This
improvement suggests that the learned dynamics W offer greater benefits than ST, potentially
because ST lacks some of the valuable details found in W. We will explore this aspect further
in upcoming case studies. Additionally, the performance difference between methods using
ST with and without the Evolver component highlights the importance of strategy evolution,
which is closely tied to the quality of the world dynamics employed.

In addition to dynamics learned from human demonstrations and the manually defined dy-
namics used in SPRING, we also explored a third source: human-annotated dynamics. Our
findings show that DiVE performs comparably to variants using human-annotated dynamics,

demonstrating the robustness and effectiveness of DiVE’s dynamic learning approach.

Quality of learned dynamics Directly quantifying the desired properties of learned dyna-
mics is inherently challenging. This difficulty arises from our inability to precisely measure
how much domain-relevant information, denoted as K., is contained within a large language
model (LLM), or to accurately determine the exact amount of knowledge, Kiarget, required
for a specific domain. To address this, we use human-annotated dynamics, H', as a silver
standard for Kiaeet. By doing so, we can estimate the precision and recall of the learned
dynamics, W, which allows us to effectively track and evaluate the progress of LLM-based
dynamic learning.
_ wnHT

Recall is calculated as R = T and precision is calculated as P = Mf;ﬁ”. Figure 3.11

illustrates that both the discovered dynamics, W, and the verified dynamics, W, exhibit an
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Fig. 3.11. Recall of learned dynamics across discovery steps, presented with mean values

and standard deviations in the Crafter environment.

increase in recall as discovery steps progress. This trend indicates that the richness of the
learned dynamics improves with more discovery steps. Additionally, the recall gap between
W and W narrows as discovery steps increase, suggesting that the Verifier is successful in
filtering out “noisy” dynamic candidates while retaining those that generalize well across

different trajectory segments.

Effectiveness of verifier To evaluate whether the Verifier effectively retains correct world
dynamic candidates, W, while discarding inaccurate ones, W™, we analyze the precision
of both the discovered dynamics, W, and the verified dynamics, W. As illustrated in Fi-
gure 3.12, the precision of the verified dynamics consistently and significantly surpasses that
of the discovered dynamics. This result highlights the Verifier’s success in identifying and
eliminating inaccurate dynamic candidates, thereby affirming its crucial role in enhancing
the reliability of the dynamics used in decision-making processes.

Additionally, as shown in Figure 3.12, precision increases rapidly after the initial verification

step and then stabilizes for the remaining steps.

Ablation study for MiniGrid Environment
In the UnlockGoals experiment without randomized dynamics, as shown in Table 3.2, CoT

fails due to a knowledge gap between the LLMs and the environment, particularly because
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Fig. 3.12. Precision of the learned dynamics in the Crafter environment.
Left: Precision of individual instances before and after verification. Right: Precision across

verification steps, shown with mean values and standard deviations.

Environment Method Success Rate Steps
UnlockGoals

DiVE 100.0% 179.6 + 37.7 steps

CoT 0.0% -

Non-Random CoT 0.0% -
UnlockDoors

DiVE 100% 35.3 & 8.3 steps

CoT 0.0% -

Non-Random CoT 60.0% 179.6 & 24.1 steps

Tableau 3.2. Performance comparison of DiVE and CoT with Memory in the UnlockGoals
and UnlockDoors environments. The success rate is shown as the percentage of successful
trials out of 5, with the average number of steps per trial and the standard deviation in
parentheses. A dash (’-’) indicates that the method did not reach the goal within the

maximum allowed steps, so no valid step count is available.

unlocking a subgoal requires specific objects like a box or ball. In contrast, DiVE successfully
unlocked all subgoals across all trials, even with randomized mappings. This suggests that

DiVE is effective at discovering the necessary environment dynamics, thereby bridging the
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knowledge gap between LLMs and the environment. These results align with our findings in

the Crafter and UnlockDoor environments.

In the UnlockDoors environment, as shown in Table 3.2, CoT performs reasonably well on the
UnlockDoor task when mappings are not randomized. However, its performance significantly
declines with randomized mappings. This indicates that LLMs may struggle when there is a
disparity between their embedded knowledge and the actual dynamics of the environment.

On the other hand, DiVE consistently achieved the goal across all trials, demonstrating its
ability to enhance LLMs’ understanding of downstream environments and overcome poten-
tial knowledge gaps. This finding is also consistent with our experiments in the Crafter

environment.

3.5.6. Qualitative Analysis

Correctness Outcome
Correct (v') none
Confounder (X) 1 health
In-domain Hallucination (X) 1 wood
Out-domain Hallucination (X) 1 bone

Tableau 3.3. The dynamics that govern the outcome of defeating a zombie

DiVE For Crafter Environment

Source of Errors in Learned Dynamics The accuracy of the learned and verified dyna-
mics can be categorized into two distinct outcomes: correct or incorrect. Errors typically
stem from three sources: confounders, in-domain hallucinations, or out-of-domain hallucina-
tions. Table 3.3 illustrates these concepts using an example of defeating a zombie.

An error due to confounders occurs when a simultaneous increase in health points is observed
at the moment the zombie is defeated. The Discoverer incorrectly attributes this health boost
to the act of defeating the zombie. In the case of in-domain hallucinations, the error arises
when the system mistakenly infers that wood can be increased by defeating the zombie,

despite the fact that such an increase is impossible. Lastly, out-of-domain hallucinations
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Methods Dynamics

SPRING Place stone requires stones

D&V Place stone requires 1 stone and faces paths, grass,
sand, water, and lava

D&V&EE Place stone to block zombies and skeletons, preventing

them from reaching the player

Tableau 3.4. Comparing SPRING and DiVE on place stone’s dynamics

involve the incorrect identification of dynamics that pertain to objects not present in the
observation or even within the Crafter environment.

Learned Dynamics Comparison In comparison to the dynamics presented by SPRING,
as shown in Table 3.4, we found that the dynamics generated by DiVE are not only more
accurate but also more detailed. For instance, in the context of placing a stone, SPRING
merely identified that stones are needed. In contrast, DiVE precisely determined that placing
a stone requires exactly one stone and identified the specific facing condition necessary for

successful placement.

Dynamics about Grass:

e grass can be found near [tree’, 'water’, 'path’]

e grass is not associated with ['diamond’, ’coal’, "iron’|

e You can walk directly through grass.

e grass can only be used for: ['collect sapling’, ’eat plant’]
Dynamics about Coal:

e coal can be found near ['stone’, ’iron’, 'diamond’

e coal is not associated with ['grass’, 'cow’, 'skeleton’]

e You cannot walk directly through coal.

e coal turn into path after collect coal

e coal can only be used for: ['make iron pickaxe’, 'make iron sword’, ’collect

coal’|

e coal can be collected by ['wood pickaxe’|

Fig. 3.13. Examples of Learned Dynamics in the Crafter Environment
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With this detailed information, as illustrated in Figure 3.13, the Evolver can infer more
complex dynamics, such as the potential for the placed stone to act as a barrier between the

agent and dangerous creatures.

DiVE For MiniGrid Environment

Similarly, in the MiniGrid-based environments, UnlockDoors and UnlockGoals, DiVE has
successfully learned the essential dynamics needed for effective decision-making by LLMs, as
shown in the Figure 3.14. Unlike the Crafter environment, which presents sources of error,

these simpler environments did not exhibit any detectable errors.

Dynamics in the UnlockGoals environment
e before unlocking yellow door, the blue key needs to be in hand
e after unlocking yellow door, the yellow door is unlocked and reveals a grey
box, orange ball, and pink goal
e before unlocking black subgoal, the green ball needs to be in hand
e after unlocking black subgoal, the black subgoal is unlocked
Dynamics in the UnlockDoors environment
e before picking blue key, the purple door needs to be unlocked
e after picking blue key, the blue key is now in hand
e before unlocking purple door, the green key needs to be in hand

e after unlocking purple door, the purple door is unlocked

Fig. 3.14. Examples of Learned Dynamics in the UnlockGoals and UnlockDoors Environ-

ment
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Chapter 4

Conclusion and Future Works

By bridging the potential knowledge gap, DiVE achieves impressive performance. However,

there are still improvements to be made and limitations to consider.

4.1. Conclusion

In this work, we introduce DiVE, a framework tailored for long-horizon interactive planning
tasks. The framework operates as follows:
e Discoverer: Using a small set of demonstrations, a Discoverer identifies key world
dynamics, such as the preconditions and outcomes of actions.
e Verifier: A Verifier then filters out any inaccurate dynamic candidates, ensuring the
reliability of the knowledge base.
e Evolver: In an online setting, using the knowledge acquired offline, an Evolver learns
and adapts situational strategies through interaction.
DiVE effectively bridges the gap between a pre-trained LLM and the target domain by
autonomously acquiring hierarchical world dynamics and evolving contextual knowledge.
Extensive experiments confirm its effectiveness. This work potentially paves the way for
developing LLM-based frameworks that enable the mutual enhancement of dynamics learning

and policy learning, all without the need for extensive human annotation.

4.2. Future Works

Here, we outline potential future research directions based on DiVE, focusing the knowledge

gap between LLMs and downstream tasks.
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4.2.1. Actively Exploration

The prompts in DiVE is designed to help LLMs focus on the specific properties that need
to be discovered.

In the current work, DiVE-v2, we propose a general pipeline for the discoverer, as shown in
Figure 4.1 that allow LLMs to actively explore the environment’s dynamics.

The main idea is to allow LLM to initially discover dynamics in a free-form manner. After-
ward, these dynamics can be grouped based on their semantic relationships. By prompting
LLMs to explore elements that are least semantically similar to those already identified for
A, we can redirect their focus. This method encourages the discovery of new dynamics that
are less related to the existing ones for A, thereby expanding the range of dynamics identified
for A.

The agent has some knowledge about the element: element name.
However, the agent wants to learn more details about this element.
Specifically, other actions have these facts: dissimilar examples.
The agent is curious about what similar facts this element have.
To discover the similar facts:
e The facts should be valid across the examples.
e The facts should be similar to the examples.
e The facts should be specific to the element, environment, tools and resources.
Here are some examples of the element: sampled replay buffer.

Please respond with the following template in JSON format: templates

Fig. 4.1. The general prompts

After two iterations of discovery, this approach achieves approximately 97% recall compared

to the ground-truth dynamics in the Crafter environment.

4.2.2. The Need for Human Demonstrations

All dynamics are discovered and verified based on human demonstrations; however, collecting
such demonstrations can be challenging or costly, especially in fields like robotics [89, 90]

and medical imaging [91].
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A generalist embodied agent should actively explore its environment and tasks to autono-
mously learn the necessary dynamics, rather than relying solely on human demonstrations.
By taking this approach, the agent can adapt to a broader range of scenarios and tasks,
developing a deeper understanding of its surroundings and the tasks it needs to perform.
This autonomous learning enables the agent to handle more complex and varied situations

effectively.

4.3. Future Works

To build a generalist problem-solving agent, the agent must possess both a broad unders-

tanding of the world and a deep knowledge of the specific problem at hand.
4.3.1. Foundation Models and Specialist Models

FMs can learn and capture fundamental patterns of the world by autoregressively predicting
the next token on a large scale using internet data. However, adding more dimensions to
the modality of FMs ironically reduces the amount of available data, which in turn limits
the model’s ability to deepen its understanding. As a result, while FMs can develop a broad
understanding of the world, this understanding often remains general and superficial due to
the constraints of expanding dimensionality.

By interacting with the environment millions of times, Specialist Models (SMs) can learn
the dynamics of a specific domain and optimize their performance within that area of specia-
lization. However, this understanding and performance are not easily generalizable to new
environments, even if they are similar.

Thus, FMs possess a broad yet superficial understanding of the world, whereas SMs have a

deep, specialized understanding of specific problems.
4.3.2. The Human Approach to Problem-Solving

As human beings, we possess an internal model—our common sense—that provides us with a
fundamental understanding of the world. When confronted with a problem that falls outside
the scope of our common sense, we may initially struggle. However, through repeated at-
tempts, we can learn the mechanisms of the problem and gradually improve our performance
by applying our common sense. During this trial-and-error process, we not only acquire the

necessary techniques to tackle the problem but also broaden our common sense, preparing
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ourselves for similar challenges in the future. This creates a mutually reinforcing cycle, where

our problem-specific techniques and common sense continuously enhance each other.

4.3.3. The Mutually Reinforcing Cycle

A generalist problem-solving agent should possess a similar mutually reinforcing cycle, en-
abling it to not only acquire the necessary mechanisms to handle the task at hand but
also absorb this knowledge and broaden its general understanding of the world. To build
such a mutually reinforcing cycle, FMs offer an initial, yet powerful, prior for the agent’s
understanding of the world. Based on this understanding, the agent can design SMs to
solve specific tasks, even if initial performance is poor. By rolling out the trajectories of the
SMs, the agent can deepen its understanding of the task and iteratively design better SMs.
Throughout these iterations, the agent’s understanding of the world should also broaden,

enhancing its ability to handle a wider range of tasks.
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Annexe A

Collaborative Works

During my master’s studies, I had the opportunity to collaborate with my lab mates, Haochen
Shi and Dekun Wu. Together, we proposed the following works:
e OPEx: A Component-Wise Analysis of LLM-Centric Agents in Embodied Instruction
Following
e Deciphering Digital Detectives: Understanding LLM Behaviors and Capabilities in
Multi-Agent Mystery Games

A.1. OPEx

In this work, we introduce OPEx, a comprehensive framework for Embodied Instruction
Following (EIF), focusing on three core components: Observer, Planner, and Executor. Our
work addresses the gap in understanding how these components affect task performance by
conducting extensive evaluations. We found that while LLM-centric designs significantly en-
hance EIF outcomes, visual perception and low-level action execution remain key challenges.
Additionally, we explore a multi-agent dialogue strategy in a TextWorld environment, de-

monstrating that this approach further boosts performance.

A.2. ThinkThrice

In this study, we explore the use of LLMs in Jubensha, a Chinese detective role-playing
game. We introduce the dataset tailored for Jubensha, featuring character scripts and game
rules, to advance Al agent development in this complex narrative setting. Our unique multi-
agent interaction framework enables Al agents to autonomously participate in the game. We
developed innovative evaluation methods to assess these agents’ mastery of case information

and reasoning skills. By leveraging in-context learning techniques, we enhanced the agents’



abilities in information gathering, murderer identification, and logical reasoning. Our expe-
rimental results confirm the effectiveness of our methods, offering a new perspective on LLM

capabilities and setting a benchmark for evaluating LLM-based agents.
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