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Abstract

For years, my dream has been to create autonomous AI agents to handle tedious procedural
tasks (e.g., arranging conference travel), freeing me to focus on creative endeavors. Modern AI
models, especially large language models (LLMs) like ChatGPT, have brought us closer to this
goal. But has my dream already come true? This thesis spans AI agent research from 2020 to
2024, acknowledging LLMs as a crucial yet early step in the broaderAI agent applications. While
LLMs show promise in well-defined tasks (e.g., drafting emails), they struggle with procedural
tasks requiring agents to comprehend and apply how-to knowledge during dynamic interactions.
Current LLMs are inconsistent in complex procedural tasks. This thesis aims to create AI agents
to perform procedural tasks with accuracy, robustness, and trust in an ever-evolving environment

and is centered around three key pillars.

First, we study the evaluation of AI agents to systematically understand agent be-

havior. There was a lack of benchmarks that mimic real-world complexity, emulate diverse
and complex human tasks, and support dynamic interactions to perform systematic evalua-
tions. This led to evaluations that are only partially representative of real-world scenarios.
We create a comprehensive benchmark on performing interactive web-based tasks (e.g., book
a hotel room near Pittsburgh airport online) that meets these criteria and developed more ro-
bust evaluation metrics. Our works reveal the deficiencies of LLM-powered agents in realistic
interactive tasks and offer an accessible environment to advance the field.

Second, we augment the expressiveness of AI agents with a more versatile “lan-

guage” for agents. Beyond knowledge, humans demonstrate versatility in procedural tasks:
we break tasks into smaller sub-tasks, leverage past experiences, use tools, etc. Represent-
ing this versatility is challenging with unstructured text. We design a new formalization that
equates task-solving to writing Python programs. The inherent expressiveness and structured
nature of programs enable AI agents to more accurately and explicitly represent complex pro-
cesses (e.g., planning sub-tasks → composing nested functions, recalling memory → reusing
functions). This new formalization enhances LLMs in reasoning about and performing proce-
dural tasks, significantly improving task execution accuracy.

Finally, we develop resources and design innovative methodologies to enable agents

to adapt to unfamiliar tasks. It is particularly challenging for LLMs to handle information
that is not included or included sparsely in their training corpora. Hence, LLMs can bene-
fit from access to external knowledge. We investigate how to make human-authored external
knowledge (e.g., manuals) comprehensible to AI agents by enriching such knowledge with de-

iv



tailed breakdowns of sub-tasks. We also propose new mechanisms of knowledge-augmented
execution via retrieval, which allows the agents to perform challenging tasks by referring to
external knowledge and via data synthesis. Both approaches circumvent the reliance on exact
demonstrations.
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Chapter 1

Introduction

Machines such as computers and robots can signi�cantly improve the lives of human beings

by performing tasks on behalf of humans. Natural language (NL) serves as a vital form of com-

munication in human beings' lives and thus presents itself as a potential principle interaction

protocol with machines. We study controlling AI agents through natural language. In this con-

text, AI agents are expected to interact with anexternalenvironment andautonomouslyexecute

the speci�ed tasks with minimal human intervention.1

1.1 Problem Scope

While many works consider AI agents more broadly as systems that perform tasks over mul-

tiple turns (e.g., multi-hop question answering), this thesis focuses on tasks that possess the

following characteristics.

Let's denote an action space asA, an action sequence asa � �a1; a2; :::; an � whereai > A,

an NL intentu , the likelihood of an action sequencea given an intentu estimated from a rea-

sonable parametric model aspˆaSu•. First, the task is associated with an external environment

E with state space Ÿ. Any valid action in the action space can result in the state change in

the environment de�ned by the environment dynamic functionf ˆs; a• � sœ. Second, the ac-

tion space isenormousandsemantically meaningful. Tasks such as vision-language navigation

(VLN) with a limited set of actions (e.g., move forward/backward) or controlling the velocities

and angles of the motors of a robot arm in a continuous space are not considered. Third, the

length of an execution trace (SaS) is substantial, which can roughly indicate the complexity of

1Throughout the thesis, we use �controlling AI agents� and �NL command and control� interchangeably.
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the task. Therefore, tasks such as visual question answering and reference games, which usu-

ally consume a short action sequence, are not taken into account. Fourth, there is a diverse set

of trajectories to achieve the desired objective inu , thus exhibiting a high entropy ofa. For

instance, one can purchase a �ight ticket either online or by contacting the airline companies.

Finally, for the task of interest, the extra informationi that is helpful to the task completion is

not speci�c to a particular instance; in other words, whenlogpˆaSu; i • � logpˆaSu• A0, i can

be seen as generic information pertinent to the task, instead of to the environment con�gura-

tion. To illustrate, in VLN, having knowledge of the layout of a room would be helpful when

navigating the room; however, this information is only germane to that exact room. On the

contrary, when performing household tasks, the knowledge of �preheating the oven� is generic

to many cooking tasks.

1.2 Challenges of Creating Autonomous AI Agents

One key challenge in creating AI agents capable of accomplishing arbitrary tasks is rooted in

the abstractnessandambiguity of NL while the required underlying procedural knowledge is

concreteandbroad. A concise NL intent could practically express arbitrarily complex requests.

For example, a short intent of �prepare my conference travel� may consist of complicated proce-

dures such as �book the �ight tickets�, � book the hotel�, � registration�, and others. Each of these

procedures, in turn, needs to be broken down into further �ner-grained procedures. Therefore,

there can be a hugesemantic gapbetween the NL intent and the concrete executions.

Existing Benchmarks Inadequately Re�ect the Complexities of Real World Although

we repeatedly highlight the complexities of everyday procedures and note that the structures of

procedural knowledge are ubiquitous in daily human life, most existing agent benchmarks do

not feature such complex procedures. Although there can be hierarchies embedded in vision-

language navigation tasks [6], game playing through reading documentation [205] or through

NL communication [75, 157] and mobile phone navigation [97], the hierarchies are shallow at

best, or the occasional complex ones are limited in their breadth. This is potentially due to their

emphasis on research questions regarding object grounding, spatial relations, interactions, and

others, and therefore, they focus less on procedure hierarchies. On the other hand, benchmarks

that generate examples programmatically [59, 153] often lack realistic and diverse conditional

branching in their procedures, as opposed to real-world scenarios, where the same outcome

may be achieved through a variety of means depending on the prevailing conditions. Finally,
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for those tasks that are more procedurally complex [46, 75, 132], embodied experiments are

non-trivial due to the challenge of setting up the embodied environments of the same com-

plexity and a lack of automatic evaluation metrics for task completeness. Others [52, 87] are

in gaming environments where domain-speci�c knowledge, rather than general commonsense

knowledge, is required to perform the tasks.

Current AI Agents' �Language� is Restricted While the e�ective predictions of agents are

the atomic actions within the action space, there are intermediate predictions�such as the ra-

tionale behind issuing an action�that link these atomic actions together. Currently, these inter-

mediate predictions are predominantly expressed in the unstructured text (e.g., �let's think step-

by-step, <. . . the reason>, so the next action I will take is <. . . the predicted atomic action>�). The

use of unstructured text has become especially prevalent with the rise of large language models

(LLMs) due to their pro�ciency in text generation. However, free-form text has limited expres-

siveness for representing the versatility required for solving procedural tasks. First, generating

unstructured text con�nes thereasoningandsolvingwithin the model, while LLMs are not nec-

essarily the best option for the solving steps. For instance, the task of �calculate the spending

in online shopping last week� requires adding up multiple orders, a task at which LLMs often

struggle [95, 207]. Other solving steps involve accessing real-time data, which any model alone

cannot accomplish by default. Second, while procedural tasks possess rich structure, expressing

such structure in the text is unnatural, thus limiting the bene�ts of leveraging these structures.

One key feature of procedures is their hierarchies, where a high-level task can be decomposed

into multiple lower-level procedures. Due to this hierarchy, a procedure becomesreusable(or

composable)�a single procedure can be combined with di�erent procedures to achieve di�erent

higher-level goals. For example, �learning to use a computer� can be a sub-procedure of both

�book a �ight ticket online� and �book a hotel room online�. Reusing existing procedures can

enhance the e�ciency and robustness of AI agents [8, 39, 44, 48, 59, 158, 188, 193]. However,

reusing knowledge in free-form text is challenging unless it involves verbatim repetition. When

task variations require revisions in some components, "reusing" the knowledge can become in-

creasingly complex, eventually becoming as complex as generating the procedure from scratch.

Many works propose alternative notations or domain-speci�c languages [11, 35, 144, 190], but

these new notations may be less common in large pretraining corpora, thus losing the bene�t

from large-scale pretraining. Alternatively, the notation might be too domain-speci�c, sacri�c-

ing generalizability to broader tasks.
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Existing Learning Mechanisms are Largely Annotation-driven The success of LLMs

hinges on two key factors: large-scale pretraining and the extensive collection of human demon-

strations for instruction �netuning and reinforcement learning from human feedback (RLHF).

While AI agents can greatly bene�t from similar pretraining, human demonstrations in di-

alogues typically have a di�erent task distribution. They often assume a static context and

fail to consider important aspects of agent tasks such as environmental dynamics and action

impacts. Consequently, the bene�ts of leveraging these human demonstrations are limited.

Moreover, collecting data for agentic tasks is often expensive and time-consuming. Annotators

usually need to follow natural language instructions and act out the entire trajectory as if they

were the agent [97, 132, 153, 157,inter alia]. This process is not only labor-intensive but also

limited in scope. For instance, demonstrating a task like canceling a PayPal order requires an

actual PayPal account with a legitimate subscription history. Without extensive data collection,

models struggle to generalize to unseen intents or environments [153]. These limitations make

it challenging to scale AI agents to real-world scenarios where long-tail requests and diverse

environmental con�gurations are common.

1.3 Contributions Overview

This thesis aims at developing intelligent AI agents that aregeneralizable towards a variety

of tasksand data-e�cient. More speci�cally,how could an agent learn to perform a complex

task without exact tedious demonstrations from humans? For example, how does an agent

learn that the preparation of a conference travel will eventually consist of keyboard strikes and

mouse clicks (e.g., for �ight booking), phone calls (e.g., for hotel check-in) and others? The

key philosophy of this thesis is that such knowledge exists in the open web in the form of

natural language descriptions. Therefore, if an agent is capable ofknowledge acquisition and its

application, it could learn the executions of unseen tasks by referring to both past experiences

as well as web knowledge. The development of an open-domain-knowledge-augmented agent

is underpinned by �ve key pillars.

Part I Realistic Environment for AI Agent Evaluation First, to bridge the gap in agent

evaluation, we built an environment for AI agents that ishighly realisticand reproducible.

Speci�cally, we focus on agents that perform tasks on the web and create an environment with

fully functional websites from four common domains: e-commerce, social forum discussions,

collaborative software development, and content management. Our environment is enriched
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with tools (e.g., a map) and external knowledge bases (e.g., user manuals) to encourage human-

like task-solving. Building upon our environment, we release a set of benchmark tasks focusing

on evaluating thefunctional correctnessof task completions. The tasks in our benchmark are

diverse, long-horizon, and designed to emulate tasks that humans routinely perform on the

internet. We experiment with several baseline agents, integrating recent techniques such as

reasoning before acting. The results demonstrate that solving complex tasks is challenging:

sthe performance of strong models such asGPT-4-based agent is signi�cantly lower than the

human performance. These results highlight the need for further development of robust agents,

that current state-of-the-art LLMs are far from perfect performance in these real-life tasks, and

that WebArena can be used to measure such progress.

Part II More Versatile�Language� for AI Agents Further, we propose an alternative "lan-

guage" for AI agents. We opted to make use of the programs in a high-level programming lan-

guage (e.g., Python) to represent procedures owing to natural compatibility between programs

and procedures. Programs are �exible in encoding hierarchies (through nested functions), con-

ditions (through control �ow), and the ability to call other modules (through API calls). We

name this formalism as "Procedures as Programs", or PaPin short. Moreover,PaPis compre-

hensible and curatable, which allows for fast creation of seed demonstrations and development

on various tasks. Finally, the ubiquitous code corpus has been incorporated in the training of

large language models (LLMs).PaPcould e�ectively elicit the knowledge in an LLM and ben-

e�t agents with an LLM as the backbone model. We instantiatePaPin 15 benchmarks ranging

from controlling a robot to perform household tasks and embodied question answering (QA)

to mathematical reasoning and symbolic reasoning.PaPdemonstrates strong generalization to

unseen tasks while being more data-e�cient.

Part III Knowledge Base of Hierarchical Procedures Third, we create an open-domain

hierarchical knowledge base (H-KB) that stores the procedures in a hierarchical fashion. That

is, a procedure is represented as a tree where the children nodes are the decomposed lower-level

steps (in text) of their parent node. A procedure tree can have arbitrary depth depending on

how concrete a human would like to write about a procedure. While a human user might issue

an abstract NL intent corresponding to a node towards the root of a procedure tree, an agent

could leverage our H-KB to roll out concrete executions by traversing the tree. We evaluate

our KB both intrinsically on the quality of hierarchies and extrinsically on modeling concrete

executions. While our H-KB encodes more accurate hierarchical knowledge than strong base-
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lines, the extrinsic evaluation suggests that expressing a procedure with our H-KB is closer to

the concrete executions demonstrated in videos. This provides evidence that our KB can bridge

the high-level instructions and the low-level executions of procedures.

Part IV New Knowledge Acquisition without Direct Demonstrations Finally, we an-

swer the question of how to further advance an AI agent's capabilitieswithout relying on the

massive collection of direct human demonstrations. Taking inspiration from humans, who of-

ten search for and read information online to solve tasks that they are not initially capable of,

we propose two approaches to mimic human behaviors, with a focus on textual knowledge that

explainshow-toperform tasks. First, we propose toretrieve knowledgeprior to the task perfor-

mance. We exemplify our approachDocPrompting on the natural language to code generation

task, in which code documentation is a key source of knowledge.DocPrompting �rst retrieves

the relevant documentation pieces given an NL intent and then generates code based on the NL

intent and the retrieved documentation.DocPrompting is general: it can be applied to any

programming language and is agnostic to the underlying neural model. We demonstrate that

DocPrompting consistently improves NL-to-code models. Second, we propose to derive hy-

pothetical execution trajectories from plain textual knowledge. When humans read how-to

articles, they often engage in mental simulation of the described scenarios. By leveraging the

language processing and coding capabilities of LLMs, we can transform how-to articles on web

navigation tasks into direct demonstrations. Our �netuned model demonstrates strong perfor-

mance on web-based tasks compared to other models of similar size. In addition, while such

synthetic demonstrations is only 3% the cost of human demonstrations, we show that the syn-

thetic demonstrations can be more e�ective than a similar number of human demonstrations.
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Chapter 2

Background

This section reviews three main topics in AI agent research that are highly relevant to this

thesis.

2.1 Evaluation of AI Agents

One key aspect of AI agent evaluation is the evaluation of task success, which typically falls

into three categories.

The �rst category is reference-based evaluation , which compares human annotations

with agent executions [46, 97, 103, 138, 151, 178]. For instance, Deng et al. [46] collects demon-

strations of web-based tasks and uses them as ground-truth references. The evaluation com-

pares a model's predictions with these demonstrations at both the step and task levels. At the

step level, the evaluation compares the action type (e.g.,click ) and the action argument (e.g.,

the location of an element) with the annotation. Task-level success is determined by combined

success at the step level. All comparisons are conducted at the string level, so reference-based

evaluation can falsely penalize alternative solutions. Collecting multiple references can allevi-

ate this issue; however, the possible solution space may not be covered by just a few examples.

For instance, a smart search input box may require only one or two keywords to trigger the

correct search, but there can be many keyword options. Ultimately, smart AI agents do not

necessarily need to follow human problem-solving patterns due to their silicon nature. For ex-

ample, an agent that memorizes the full URL of useful websites does not need to perform any

navigation or �ltering selections.

The second category isoutcome-based evaluation within executable environments. These

environments range from simulated household environments [153], simple web pages [151,
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182], to sandbox real-world web applications [82, 212]. Outcome-based evaluation assesses

whether a task is truly completed by using veri�ers that examine key aspects post-execution.

These veri�ers are either de�ned by templates, such as whether the selected product falls into

certain categories [153, 182], or annotated by humans, such as whether certain contents are

typed into the targeted �elds [82, 212]. Outcome-based evaluation mirrors the trend in evaluat-

ing model-generated programs. Chen et al. [30] observed that the functional correctness of pro-

grams does not necessarily correlate with the surface-form similarity measured by reference-

based evaluation, as small changes in programs can signi�cantly alter their semantics. Never-

theless, outcome-based evaluation can be labor-intensive. It requires signi�cant human e�ort

and sometimes extensive expertise.

To address these limitations, many works investigate the third category,model-based eval-

uation , which leverages neural models, especially large language models, for task completion

judgment. For example, Pan et al. [125] and He et al. [66] explore using vision-language models

to determine whether a trajectory successfully ful�lls a given task. Pan et al. [125] demonstrates

that strong models such as GPT-4V achieve high accuracy in judging task success, especially

when supplemented by auxiliary information such as observation captions. The development

of model-based evaluation is particularly interesting not only because it does not rely on exten-

sive human annotations but also because the developed metric can be used as a reward model or

automatic feedback module that assists agent task completions (e.g., reject sampling) [16, 125].

Undoubtedly, the evaluation of AI agents goes beyond task success to include task completion

e�ciency [126, 153] and overall human preference [51], among others.

The benchmark described in Chapter 3 primarily utilizes outcome-based evaluation due to

its novel setup and the necessity of establishing ground-truth annotation for future research

e�orts. Our benchmark also incorporates model-based evaluation in a portion of examples to

accommodate alternative answers.

2.2 The �Language� in Procedural Tasks

Primitive actions are the lowest-level actions that can be directly executed in an environment.

In the current research, the most common primitive actions are de�ned as application pro-

gramming interfaces (APIs) that have various e�ects on the digital environment (e.g., an API to

simulate a mouse click) or on embodied machines (e.g., an API to control the velocity of a robot

arm).

Existing works aim to design domain-speci�c languages tailored to di�erent tasks, de�n-
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ing primitive actions. Early works manually designed non-executable meaning representations

(MRs) such as lambda calculus [11, 12] and variable-free logic [40]. Due to the sparse pres-

ence of these meaning representations on the Internet, LLMs may lack su�cient knowledge

of them, causing the generation of such MRs to lose the bene�ts of large-scale pretraining.

Later works utilize more powerful languages such as SQL, which can e�ectively query large-

scale databases [188, 189, 204], and spreadsheet languages that can manipulate spreadsheet

tables [35, 175, 187]. Although these pre-existing languages avoid hand-engineering, they are

limited to tasks where the environment containing the required contents (e.g., a database with

student information) already exists. Overall, domain-speci�c languages lack generalizability.

While primitive actions are pre-de�ned, agents have the �exibility to determine the interme-

diate steps leading to these actions. These intermediate steps, along with the primitive actions,

form a broader language. The most common intermediate steps arerationales written in

natural language (CoT) that explain why a primitive action should be issued [100, 170, 183].

While incorporating CoT into a task can improve performance, it does not extend a model

beyond the natural language reasoning regime. Indeed, natural language reasoning is limited.

LLMs are known to perform poorly in tasks such as arithmetic [95, 207], and they are inherently

incapable of many tasks, such as accessing real-time information. Some approaches attempt to

augment LLMs' capabilities by instructing them to use a more general language�high-level

programming languages such as Python. Programs natively have the ability to call tools via

APIs and execute dynamically through interpreters or compilers. LLMs can thus o�oad tasks

they are not pro�cient into these tools, while their sole responsibility remains natural language

reasoning [14, 33, 112]. Speaking programming languages can e�ectively extend text-based

LLMs to multimodal without further training [62, 149]. Additionally, functions can serve as

long-term memory, which, once constructed, can be reused easily [163].

Programming languages are not only suitable for describing the procedure of performing

tasks; many works �nd that writing down declarative knowledge1 in program format is ben-

e�cial. Madaan et al. [108] propose describing structured commonsense knowledge (e.g., entity

state changes over time) with built-in concepts in programs (e.g., a class and its properties) to fa-

cilitate more accurate commonsense reasoning [199]. Given their versatility in both procedural

and declarative knowledge, programming languages show promise as the uni�ed comprehen-

sive language for diverse real-world tasks.

The superior performance of writing programs for non-coding tasks has inspired many in-

1The knowledge about facts
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depth studies. Zhang et al. [198] �nd that simply changing the format from natural language to

programs yields mixed results for various tasks. For instance, text summarization does not ben-

e�t from the program format, while conference resolution does. Kim and Schuster [81] observe

that coding-pro�cient models, extensively trained on coding corpora and tasks, demonstrate

more accurate entity state tracking capabilities. Finally, models pretrained exclusively on code

corpora in the initial stage show improved performance in mathematical reasoning compared

to general natural language pretraining.

Chapter 4 presents a proof-of-concept demonstrating the bene�t of representing procedures

as programs, with human-in-the-loop for constructing and revising these programs. Chapter 5

introduces our approach that leverages LLMs to automatically write programs for broader rea-

soning tasks. In Chapter 8, we show that LLMs bene�t from �netuning with trajectories in

program format, compared to natural language CoT.

2.3 Learning without Extensive Human Annotations

Teaching models to perform new tasks without extensive human annotations is a long-standing

interest in machine learning and deep learning communities, and AI agents are no exception.

Unlike classical machine learning problems where the context is often static (e.g., an image or

a dialogue), agents interacting with dynamic environments not only incur additional costs and

e�orts to set up environments (e.g., setting up multiple parallel environments to collect data),

but also increase the curse of dimensionality, where the possible combination of states grows

exponentially with the number of time steps. To alleviate the reliance on human annotations,

existing works investigate thesource of knowledge andlearning algorithms .

Text-based knowledge is extensively studied due to its abundance and coverage across

various domains. This knowledge includes environmental dynamics that describe the e�ects of

actions in di�erent states [21, 22, 116, 205]. Text can also convey knowledge in �ne granularity.

For instance, documentation of APIs often includes detailed explanations of individual argu-

ments. This is bene�cial for compositionality (hence alleviating the curse of dimensionality),

as multiple pieces of information can be freely combined instead of enumerating all possible

combinations as in demonstrations.

The most straightforward way to use text-based knowledge is throughcontinuous pre-

training with vanilla next-token prediction loss [64]. This strategy can gradually adapt a gen-

eral model to speci�c domains [1]. However, Jiang et al. [77] argue that simple continued pre-

training has limited e�ects compared to �netuning on more task-aware data constructed from
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the corpus. Hence, existing works also explore other approaches to utilize these resources. The

�rst approach is to use the resources throughretrieval , where the knowledge is presented as

additional input to assist task completions. Additionally, many works performdata synthesize

from the resources [27, 177]. For example, Xu et al. [177] use code documentation to synthesize

additional NL-code pairs for code generation. Finally, we can leverage text knowledge as ad-

ditional input to construct more accurate functions such as transition functions or reward

functions in reinforcement learning [21, 22, 116, 205].

While natural language is versatile for conveying various types of information, it is not

necessarily the most e�cient channel for certain types, particularly low-level behaviors. For

example, describing how to knead dough using only natural language can be cumbersome. Con-

sequently, some knowledge is absent in text-based resources and requiresinput from other

modalities . Fan et al. [52] train a reward model based on a video and caption parallel corpus,

while Baker et al. [17] learn low-level keyboard and mouse controls for Minecraft from videos.

Such learning from Internet-scale videos resembles research on learning from demonstrations

in robotics [60, 109].

Besides learning from existing knowledge created by humans, research also explores learn-

ing from existing experiences to reduce reliance on additional human annotations. Here, ex-

isting experiences are loosely de�ned as episodes performed by the same agent in the past or

datasets created in the same environment. Simply training the model on trajectories consist-

ing of state and expected actions is data-hungry. Hence, works exploreaugmenting existing

experiences with additional information . Chen et al. [28] and Yin et al. [184] add LLM-

generated chain-of-thought reasoning and planning to execution trajectories. Fu et al. [54] and

Sarch et al. [148] ask (multimodal) LLMs to summarize useful knowledge, such as environment

dynamics and work�ows, from existing experiences and dynamically provide the summarized

knowledge in new examples. The assumption in this thread is that generating such information

is easier than performing the task itself. Additionally, existing works studyrelabeling of ex-

isting experiences to e�ectively use failed examples. This includes adding task descriptions

to arbitrary trajectories with LLMs [9, 115].

Chapter 6 discusses the limitation that text-based procedural knowledge lacks hierarchical

structures. Consequently, how-to knowledge of the same task at di�erent levels of granularity

may be dispersed across various sources, resulting in ine�ciency when consuming data. We

proposed an approach to link such isolated knowledge together. Furthermore, Chapter 7 and

Chapter 8 explore utilizing human-authored knowledge through retrieval and data synthesis.
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Part I

Realistic Environment for AI Agent

Evaluation
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Chapter 3

Realistic Web Environment for Building

Autonomous AI Agents

To fully leverage the power of autonomous agents, it is crucial to understand their behavior

within an environment that is bothauthenticandreproducible. This will allow measurement of

the ability of agents on tasks that human users care about in a fair and consistent manner. In this

section, we present our work on building the �rst comprehensive benchmark with real-world

complexities, reliable evaluation metrics and easily extensibility for AI agent development. This

work �rst appears in:

ˆ Shuyan Zhou*, Frank F. Xu*, Hao Zhu, Xuhui Zhou, Robert Lo, Abishek Sridhar, Xianyi

Cheng, Tianyue Ou, Yonatan Bisk, Daniel Fried, Uri Alon, and Graham Neubig. Webarena:

A realistic web environment for building autonomous agents. InInternational Conference

on Learning Representations (ICLR), Vienna, Austria, 2024

3.1 Overview

Current environments for evaluate agents tend toover-simplifyreal-world situations. As a

result, the functionality of many environments is a limited version of their real-world coun-

terparts, leading to a lack of task diversity [5, 59, 113, 151, 153, 154, 182]. In addition, these

simpli�cations often lower the complexity of tasks as compared to their execution in the real

world [132, 153, 182]. Finally, some environments are presented as a static resource [46, 151]

where agents are con�ned to accessing only those states that were previously cached during

data collection, thus limiting the breadth and diversity of exploration. For evaluation, many en-
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Figure 3.1:WebArena is a standalone, self-hostable web environment for building autonomous

agents.WebArena creates websites from four popular categories with functionality and data

mimicking their real-world equivalents. To emulate human problem-solving,WebArena also

embeds tools and knowledge resources as independent websites.WebArena introduces a

benchmark on interpretinghigh-level realisticnatural language command to concrete web-

based interactions. We provide validators to programmatically validate the functional correct-

ness of each task.

vironments focus on comparing the textualsurface formof the predicted action sequences with

reference action sequences, disregarding thefunctional correctnessof the executions and pos-

sible alternative solutions [46, 75, 97, 132, 178]. These limitations often result in a discrepancy

between simulated environments and the real world, and can potentially impact the generaliz-

ability of AI agents to successfully understand, adapt, and operate within complex real-world

situations.

We introduceWebArena, arealisticandreproducibleweb environment designed to facili-

tate the development of autonomous agents capable of executing tasks (Ÿ3.2). An overview of

WebArena is in Figure 3.1. Our environment comprises four fully operational, self-hosted web

applications, each representing a distinct domain prevalent on the internet: online shopping,

discussion forums, collaborative development, and business content management. Further-

more,WebArena incorporates several utility tools, such as map, calculator, and scratchpad, to

best support possible human-like task executions. Lastly,WebArena is complemented by an

extensive collection of documentation and knowledge bases that vary from general resources

like English Wikipedia to more domain-speci�c references, such as manuals for using the in-

tegrated development tool [52]. The content populating these websites is extracted from their

real-world counterparts, preserving the authenticity of the content served on each platform.

We deliver the hosting services using Docker containers withgym-APIs [23], ensuring both
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the usability and the reproducibility ofWebArena.

Along with WebArena, we release a ready-to-use benchmark with 812 long-horizon web-

based tasks (Ÿ3.3). Each task is described as a high-level natural language intent, emulating

the abstract language usage patterns typically employed by humans [19]. Two example intents

are shown in the upper left of Figure 3.1. We focus on evaluating thefunctional correctnessof

these tasks,i.e., does the result of the execution actually achieve the desired goal (Ÿ3.3.2). For

instance, to evaluate the example in Figure 3.2, our evaluation method veri�es the concrete

contents in the designated repository. This evaluation is not only more reliable [31, 168, 203]

than comparing the textual surface-form action sequences [46, 132] but also accommodate a

range of potential valid paths to achieve the same goal, which is a ubiquitous phenomenon in

su�ciently complex tasks.

We use this benchmark to evaluate several agents that can follow NL command and perform

web-based tasks (Ÿ3.4). These agents are implemented in a few-shot in-context learning fashion

with powerful large language models (LLMs) such asGPT-4andPALM-2. Experiment results

show that the bestGPT-4agent performance is somewhat limited, with an end-to-end task

success rate of only 14.41%, while the human performance is 78.24%. We hypothesize that the

limited performance of current LLMs stems from a lack of crucial capabilities such as active ex-

ploration and failure recovery to successfully perform complex tasks (Ÿ3.5.1). These outcomes

underscore the necessity for further development towards robust and e�ective agents [91] in

WebArena.

3.2 Web App as an Environment for Autonomous Agents

Our goal is to create arealisticandreproducibleweb environment. We achieve reproducibility

by making the environment standalone, without relying on live websites. This circumvents

technical challenges such as bots being subject to CAPTCHAs, unpredictable content modi�-

cations, and con�guration changes, which obstruct a fair comparison across di�erent systems

over time. We achieve realism by using open-source libraries that underlie many in-use sites

from several popular categories and importing data to our environment from their real-world

counterparts.
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Figure 3.2: A high-level task that can be fully executed inWebArena. Success requires so-

phisticated, long-term planning and reasoning. To accomplish the goal (top), an agent needs

to (1) �nd Pittsburgh art museums on Wikipedia, (2) identify their locations on a map (while

optimizing the itinerary), and (3) update the README �le in the appropriate repository with

the planned route.

3.2.1 Controlling Agents through High-level Natural Language

The WebArena environment is denoted asE� `S;A; O;T e with state spaceS, action space

A (Ÿ3.2.4) and observation spaceO (Ÿ3.2.3). The transition functionT � S � AÐ� S is deter-

ministic, and it is de�ned by the underlying implementation of each website in the environ-

ment. Given a task described as a natural language intenti , an agent issues an actionat> A

based on intenti , the current observationot> O, the action historyat � 1
1 and the observation

history ot � 1
1 . Consequently, the action results in a new statest � 1>S and its corresponding ob-

servationot � 1> O. We propose a reward functionr ˆaT
1 ; sT

1 • to measure the success of a task

execution, whereaT
1 represents the sequence of actions from start to the end time stepT, and

sT
1 denotes all intermediate states. This reward function assesses if state transitions align with

the expectations of the intents. For example, with an intent to place an order, it veri�es whether

an order has been placed. Additionally, it evaluates the accuracy of the agent's actions, such as

checking the correctness of the predicted answer.
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