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Abstract

In this paper, we introduce Auto-Intent, a
method to adapt a pre-trained large language
model (LLM) as an agent for a target domain
without direct fine-tuning, where we empiri-
cally focus on web navigation tasks. Our ap-
proach first discovers the underlying intents
from target domain demonstrations unsupervis-
edly, in a highly compact form (up to three
words). With the extracted intents, we train
our intent predictor to predict the next intent
given the agent’s past observations and actions.
In particular, we propose a self-exploration
approach where top-k probable intent predic-
tions are provided as a hint to the pre-trained
LLM agent, which leads to enhanced decision-
making capabilities. Auto-Intent substantially
improves the performance of GPT-{3.5, 4} and
Llama-3.1-{70B, 405B} agents on the large-
scale real-website navigation benchmarks from
Mind2Web and online navigation tasks from
WebArena with its cross-benchmark general-
ization from Mind2Web.

1 Introduction

Recently, large language models (LLMs) pre-
trained on a massive amount of data (Achiam et al.,
2023; Dubey et al., 2024) have excelled at reason-
ing and a variety of tasks. They exhibit robust
planning and reasoning abilities, enabling LLM
agents to perform diverse tasks (Wang et al., 2023;
Xi et al., 2023; Zeng et al., 2023). However, these
agents often face challenges in domains with less
prior knowledge, especially ones with large action
spaces, such as navigating websites or operating
mobile devices (Cheng et al., 2024; Hong et al.,
2023; Koh et al., 2024).

We explore improving decision-making with pre-
trained LLMs on downstream tasks by injecting
domain knowledge into the input context, in the
form of natural language hints for the next action.
This allows them to fully retain their strong general
reasoning capabilities while avoiding overly costly

Dong-Ki Kim?

’Field Al

! {jaekyeom, llajan, srsohn, honglak } @Igresearch.ai

Lajanugen Logeswaran'
Honglak Lee'?

3University of Michigan
% dongkikim93 @ gmail.com

Intent-Augmented Demonstration Dataset (via Intent Discovery)

Demonstration

Intent Intent (t-2): refining location
T Extractor | Intent (t-1): finalizing location
- (85

el Intent (t): opening date picker

Intent Predictor

Decision-Making with

Task: Find a permanent job in Logistics within 20
miles of New York, zip 11005, in the middle-income ...

Previous intents and actions:

* entering keywords: [searchbox] Search by job title,
skill or company -> TYPE: logistic

* initiating search: [button] Search -> CLICK ...

Observation (HTML): <html><body>. . .</body></html>

Intent
Predictor

Suggested intents for acting:

1. specifying job type 3. opening salary filter

2. specifying salary range 4. refining job type
Candidate elements:

A. <input 1d=0 text search search_query />

B.<a id=1 filter your results><span>..</span></a>

L.<a id=11> Salary </a> ...

Action: CLICK L.<a id=11> Salary </a>

Figure 1: Overview of Auto-Intent: Given a dataset
of demonstration trajectories, we first extract natural
language intents in an unsupervised manner and train
an intent predictor. Enforcing the intents to be concise
phrases and providing top-% intent predictions as hints
to an LLM agent allows efficient internal exploration
of semantically diverse intent hypotheses, resulting in
improved action prediction. See text for details.

or impossible fine-tuning. Leveraging natural lan-
guage guidance for improving LLM planning and
reasoning capabilities has found much success in
prior work (Wei et al., 2022; Yao et al., 2022; Shinn
et al., 2024; Fu et al., 2024; Zhao et al., 2024).
Although prior work has shown that LLMs have
strong priors to reason about intermediate subgoals
(Logeswaran et al., 2022; Huang et al., 2022; Hao
et al., 2023), the resulting performance can be
largely affected by the injected hints’ accuracy,
which could be limited especially in complex envi-
ronments such as real-world web navigation with
numerous elements and possible actions. In this
work, we aim to improve the LLM agent’s perfor-
mance further by proposing self-exploration. Our
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Web page: Intent Discovery
Location Date Time
Boston, NY Thu, Mar 16 Now

Task: Check for pickup restaurant available in Boston, NY
on March 18, 5Spm with just one guest
Observation:

<html> .. <div> <input id=3 text date
thu, mar 16 /> <button id=4 button date,

Intent
Extractor

Action:

CLICK B
<svg id=5 />
selected value is thu,>|<svg id=5 />

</button> </div> .. </htn> Intent:

opening
date picker
Reasoning: ...

Previous intents (discovered): (1) selecting service type,
(2) selecting location, (3) refining location, (4) finalizing location

Figure 2: A hard example of intent discovery: the action
(CLICK <svg id=5 />) does not provide any semantics
about the intent. Our intent extractor successfully dis-
covers the underlying intent by thoroughly understand-
ing the context and connecting to the relevant parts.

key insight is to provide multiple plausible and se-
mantically varied hints that we call intents to the
LLM agent for flexible reasoning and acting given
a set of possible directions. To achieve this, we
constrain intents to very short phrases and generate
top-k intents to provide as a collective hint with a
beam search using a smaller model fine-tuned for
intent prediction. This fine-tuning is enabled by dis-
covering intents from demonstration data with our
intent extractor. The compact intent space encour-
ages semantically distinct intents to be sampled
(as opposed to syntactically diverse intents that are
semantically identical). This self-exploration with
multiple intents enhances the agent to find the cor-
rect directions and associated actions. See Figure 1
for an illustration of our approach.
Our main contributions are as follows:
¢ We introduce Auto-Intent, a method to extract
natural language intents from demonstration tra-
jectories in an unsupervised manner and lever-
age intents as hints for pre-trained LLM agents
through a fine-tuned intent prediction model.

We present a self-exploration strategy where the
LLM agent reviews varied plausible intents sug-
gested by the intent prediction model and demon-
strate that this results in more accurate action
prediction compared to relying on a single intent.

* We empirically show that the injection of pre-
dicted top-k intents effectively improves the per-
formance of GPT-{3.5, 4} and Llama-3.1{-70B,
405B} agents on the large-scale real-website
benchmark tasks from Mind2Web (Deng et al.,
2024) and online navigation tasks from We-
bArena (Zhou et al., 2023) in a cross-benchmark
generalization setting from Mind2Web.

2 Auto-Intent: Intent Discovery and
Self-Exploration with Intent Prediction

To address the inadequate domain knowledge in
pre-trained LLM agents, we introduce an abstract
natural language representation we refer to as an in-
tent, which hints what the agent can perform next.
We aim to enhance LLM agents further without
limiting them by the intent prediction model’s per-
formance, via providing top-k predicted intents as a
set of probable directions to consider. We describe
the problem definition (Section 2.1), design of the
intent space and discovery of underlying intents
from demonstrations in an unsupervised manner
(Section 2.2), and fine-tuning and using the intent
prediction model for acting with top-k£ probable
intents as a flexible hint (Section 2.3) in detail.

2.1 Problem Statement

We consider sequential decision-making for com-
pleting each given task. At each time step t start-
ing from ¢ = 1, the agent receives an observa-
tion o, € O and performs an action a; € A un-
til the episode ends, with access to previous ob-
servations and actions. We use a demonstration
dataset Dyepo = {Ti}ﬁil, where each trajectory
7 = {(ot, at)}L_; consists of observations and ac-
tions from the same episode. Empirically, we put
our focus on real-world web navigation tasks.

2.2 Intent Space and Discovery

Intent space design. We aim to provide a seman-
tically varied set of predicted intents to be exam-
ined by the LLM policy for more flexible reasoning
and improved action prediction. Given a vocabu-
lary V, we define our intent space as Z = V%
where L is a small number. We find expressing
each intent using only up to L = 3 words in the
form gerund + noun phrase (object) appropriate
for our use with the desired expressiveness while
being computationally efficient. Thanks to its com-
pactness, even single-word changes can lead to
clear semantic distinctions (e.g., selecting date vs.
selecting time vs. selecting guests). The smaller
semantic overlap between different intents makes
the intent space suitable for specifying more varied
directions using the same number of intents, which
fits our goal.

Intent discovery. With the intent space Z, we de-
fine the intent discovery procedure with a prompt-
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based intent extractor Mextract as

zZt = Mextract(otaatazlztfl) (1)

where z; € Z denotes the intent discovered for
time step t. We instruct it to take the observation
(including task description), action, and previous-
step intents together into account to discover the
intent. Refer to Figure 2 for a hard example
that requires a contextual understanding and Ap-
pendix A.3 for our full prompt.

Intent-augmented demonstrations. Given the
dataset Dyemo, We discover intents using Equa-
tion (1) for each step. We construct an intent-
augmented demonstration set Dintent = {77 ?Ll
where each trajectory is 7/ = {(0y, ar, z¢) }_;.

2.3 Self-Exploration with Intent Prediction
and Acting with LLMs

Intent predictor. Using the intent-augmented
demonstration dataset Djntent from Section 2.2,
we train a smaller language model to predict
each discovered natural language intent z; given
04, a14—1,21.t—1 as input. We employ this model
trained on Dipntent as our intent predictor, Mintent.
See Appendix A.4 for the training details.

Intent prediction. One important property of the
intents that M,tent Outputs is the compactness.
Thanks to the definition of our compact intent space
Z with a small L from Section 2.2, multiple in-
tent predictions can span a broader spectrum of
meanings and thus improve the recall of the correct
intent effectively. Therefore, we employ the gener-
ation of multiple intent predictions with Mptent
for finding the correct intent, which is expressed as

2o 2~ Mingent (04, @11, 214-1)  (2)
where the previous intents z;.;1 are obtained with
M extract using Equation (1). The generated top-k
intents can be employed as a set of probable, dif-
ferent directions for the LLM policy, providing the
ingredients for self-exploration. While different
generation strategies might be applicable depend-
ing on the requirements (e.g., more semantic diver-
sities of the intents), we find beam search effective
and efficient enough for our top-k intent prediction.

LLM policy with self-exploration. We incorpo-
rate the top-k intents 2}°* as a concatenated list

into the input prompt for the LLM policy 7:

s1:k
a; = 7T<01;t, ai:t—1, 2 ) (3)

We instruct the LLM to examine the suggested in-
tents together to act with an appropriate one. Com-
bined with the intent prediction, the agent inter-
nally infers top-k intents and reasons with them
as a set of probable directions for acting, which
we refer to as self-exploration. Its exploration ef-
fect is achieved implicitly and internally, unlike
exploration via environment interactions in rein-
forcement learning. This can be especially effec-
tive in complex environments where predicting the
correct intent on the first try is challenging. See
Appendix A.5 for the prompt.

3 Experiments

3.1 Setup for Main Evaluation

Evaluation. We evaluate our approach on a large-
scale real website navigation dataset, Mind2Web
(Deng et al., 2024). Its three test splits evaluate
agents’ generalization to unseen (a) tasks, (b) web-
sites, and (c) domains. “Elem. acc” measures the
accuracy with respect to the correct elements, “Op,
F1” is a metric based on string matching, and “Step
SR” denotes the rate of fully successful steps. Refer
to Appendix A.1 for more details.

Compared methods. We compare our results
with MindAct (Deng et al., 2024), a directly trained
agent with the same backbones, and SeeAct (Zheng
et al., 2024), a prompt-based agent with GPT-4V.
For all method, we use the same pre-processing of
keeping only top-N candidate elements by Deng
et al. (2024). We examine Flan-T5x; and Mistral-
7B as both MindAct baselines and our intent pre-
dictor. Refer to Appendix A for more details.

3.2 Main Evaluation Results

Table 1 presents our main evaluation results on
Mind2Web. Our method significantly enhances not
only the GPT-3.5 agent but also the much stronger
GPT-4, Llama-3.1-70B, and Llama-3.1-405B-FP8
agents in all cases with both Flan-T5xy, and Mistral-
7B intent predictors, which suggests its effective-
ness. Overall, it brings noteworthy improvements
to the element accuracies, which thus contribute
to the step success rates as well. Our intent pre-
dictor fine-tuned on the train set produces larger
improvements on the cross-task split, but we ob-
serve its efficacy even on the more challenging gen-
eralization splits, cross-website and cross-domain,
outperforming MindAct with the same backbones
and SeeAct as well.
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Cross-task

Cross-website Cross-domain

Methods
Elem. acc Op. F1 Step SR Elem. acc Op. F1 Step SR Elem. acc Op. F1 Step SR
MindAct (Flan-T5x1,, 3B) 55.1 75.7 52.0 42.0 65.2 389 42.1 66.5 39.6
MindAct (Mistral-7B) 53.7 76.8 50.1 41.7 67.0 38.1 43.5 67.8 40.3
SeeAct (GPT-4V) 46.4 73.4 40.2 38.0 67.8 324 424 69.3 36.8
ICL (GPT-3.5) 30.5 67.5 27.2 24.9 59.5 22.7 29.8 62.7 273
w/ Auto-Intent (Flan-T5xr, 3B)  44.1 71.9 38.8 37.1 62.6 30.7 389 64.8 35.0
w/ Auto-Intent (Mistral-7BT) 429 71.1 37.3 36.0 61.3 29.5 37.8 63.9 342
ICL (GPT-4) 47.5 69.9 41.5 44.6 64.2 38.4 44.4 65.7 40.2
w/ Auto-Intent (Flan-TS5xr, 3B)  55.8 73.3 50.1 47.6 64.0 40.0 473 66.3 42.5
w/ Auto-Intent (Mistral-7BT) 53.8 71.8 47.6 48.6 63.9 41.2 46.9 65.9 423
ICL (GPT-4)* 46.9 75.2 41.7 45.0 70.9 40.0 453 723 413
/w Auto-Intent (Mistral-7BT)* 53.3 77.0 47.3 49.3 69.9 42.0 48.8 72.3 44.1
ICL (Llama-3.1-70B)* 439 68.9 373 40.8 63.6 34.0 42.6 66.5 37.0
/w Auto-Intent (Mistral-7B)* 51.2 75.3 44.6 44.4 67.2 36.9 46.8 70.4 41.5
ICL (Llama-3.1-405B-FP8)* 50.4 74.2 43.6 46.8 67.5 39.9 47.1 70.7 41.6
/w Auto-Intent (Mistral-7B)* 56.3 76.9 50.4 51.1 70.1 43.6 49.5 72.5 44.6

Table 1: Performance comparison on Mind2Web (Deng et al., 2024). MindAct (Flan-T5x;, 3B) (Deng et al., 2024)
and SeeAct (Zheng et al., 2024) results are from their papers. T denotes LoRA (Hu et al., 2021) fine-tuning. Our
in-context learning (ICL) runs use top-20 candidate elements except for ones with *, which use top-40 candidates.

Methods Task success rate
ICL (GPT-4) 19.0%

/w Auto-Intent (Mistral-7BT) 23.8%
ICL (Llama-3.1-405B-FP8) 14.3%

/w Auto-Intent (Mistral-7BT) 19.0%

Table 2: Online evaluation of our agent on a subset of
the Shopping split of WebArena (Zhou et al., 2023).
Our intent predictors are trained on and transferred from
Mind2Web. T denotes LoRA fine-tuning.

3.3 Online Evaluation Results with
Cross-Benchmark Generalization

To evaluate Auto-Intent in an online setting where
agents need to interact with live websites, we con-
duct experiments on tasks from WebArena (Zhou
et al., 2023) to leverage the automatic evaluators
they provide. Specifically, we employ our intent
predictors trained on the train split of Mind2Web
as-is for this online evaluation in the WebArena
environment, which allows us to examine Auto-
Intent in two aspects: its applicability to online
environments and generalization capabilities.
Table 2 shows the results of the online evaluation.
Interestingly, in this cross-benchmark online evalu-
ation, we find that our intent predictors trained on
Mind2Web improve the performance of both GPT-
4 and Llama-3.1-405B agents on Shopping tasks
from WebArena. It suggests that not only can Auto-
Intent be useful for enhancing the decision-making

Methods Elem. Op. Step
acc Fl SR
GPT-4 w/o intents 543 79.0 479

GPT-4 w/ 1 discovered intent 73.8 83.7 64.0

Table 3: Performance comparison of the GPT-4 baseline
agent without intents (row 1) and the GPT-4 agent with
a single intent discovered with our intent extractor as
an injected hint (row 2), on 50 randomly selected tasks
from the train split of Mind2Web (Deng et al., 2024).

capabilities of LLM agents in online environments
as well, but it can also generalize to a different
domain from where it is trained, which could be
helpful in practical scenarios, such as demonstra-
tion data scarcity in the target domain. Refer to
Appendix A.6 for more details.

3.4 Empirical Analysis and Ablation Study

Q1. Does our intent extractor discover underlying
intents effectively?

We provide Figure 2 as a qualitative example
of intent discovery from hard samples. While the
action (CLICK <svg id=5 />)does not carry any
semantic information about the underlying intent,
our intent extractor successfully discovers it by un-
derstanding the context from the task, observation,
and previous intents. It shows the intent extractor’s
capabilities of identifying intents from demonstra-
tions with enough understanding of interactions.

Additionally, in Table 3, we compare the per-
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Figure 3: The intent label recalls with respect to top-k
predicted intents on Mind2Web’s test sets (/N = 20).

formance of the GPT-4 baseline agent without any
intents or hints and the agent with a single intent
discovered with our intent extractor as a hint. It
demonstrates that despite the conciseness of each
discovered intent (up to three words), directly incor-
porating it into the LLM agent can bring significant
performance improvements, which suggests the ef-
fectiveness of the intent extractor at discovering
semantically valid intents from demonstrations.
Q2. Is top-k intent prediction effective at finding
the correct intent?

We compare the top-k predicted intents with the
intent labels discovered using ground-truth actions,
on the three test splits. Figure 3 shows the average
recalls of the intent labels with respect to the top-k
predictions computed using sentence embedding
similarities (see Appendix A.l for details). We
observe that the recall enhances as k increases,
which suggests that the intent prediction provides
the exploration effect for finding the appropriate
intent in the intent space.

Q3. Is self-exploration with top-k intents effective?

We conduct an ablation study on self-
exploration, where we compare Auto-Intent’s per-
formance with its variant that uses only the top-1
intent prediction without self-exploration. Table 4
shows the results on the random subset of the test
splits. We find that on the cross-website and cross-
domain test splits, where the generalization of the
intent predictor Mntent 1S more challenging, only
giving the top-1 predictions is considerably less
efficacious than on the cross-task split and our self-
exploration provides notable performance boosts.
Q4. Is a top-k intent prediction an effective hint
for correct action prediction?

To examine how efficacious a top-k intent predic-
tion hint is for predicting correct actions, we isolate
the evaluation of intent hints from the LLM agent

Cross Cross Cross
Methods task website  domain
Ele. Step Ele. Step Ele. Step
acc SR acc SR acc SR
GPT-4 46.2 40.2 42.1 35.8 50.2 45.1

w/ Top-1 intent 53.2 46.0 43.6 37.9 52.5 46.2
w/ Auto-Intent 54.1 46.1 49.2 42.3 56.5 50.9
w/ Oracle select (top-5) 68.2 60.0 56.9 50.6 65.2 57.8

Table 4: Ablation with different intent injections on
Mind2Web’s random subset (50 tasks each, N = 20).

evaluation with those injected hints. For Table 4,
we act with each of the top-k intents separately and
aggregate the results to obtain the “Oracle select”
performance with the best intent among the top-
k. The significant improvement from the “GPT-4”
and “Top-1” baselines suggests that the top-k in-
tent prediction can be an effective hint for acting
and employing a stronger pre-trained LLM might
benefit the performance of our agent even further.

4 Conclusion

We investigated a way to improve LLM agents on
downstream tasks where they possess insufficient
domain knowledge. Our Auto-Intent discovers
concise intents from demonstrations and predicts
multiple, semantically varied intents so that our
LLM policy examines the top-k intents for acting.
On Mind2Web (Deng et al., 2024), a large-scale
benchmark with real-website tasks, we empirically
showed that our top-k intent prediction is effective
for predicting correct actions and improving LLM
agent’s performance. In addition, we performed
the evaluation of our approach in an online setting
on Shopping tasks from the WebArena benchmark
(Zhou et al., 2023), which suggests its applicability
to online tasks and generalization capabilities to
different domains from where it is trained.

Limitations

Our empirical investigation is limited to a web nav-
igation setting. Although we choose Mind2Web
(Deng et al., 2024) for our main evaluation as it
provides a challenging, large-scale benchmark built
based on many real websites and domains and dif-
ferent generalization problem settings, future work
could examine the empirical effectiveness of our ap-
proach on more domains for decision-making, such
as mobile device operation (Cheng et al., 2024).
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A Experimental Details

A.1 Dataset and Evaluation

Dataset We employ Mind2Web (license: CC BY
4.0, allows research purposes) (Deng et al., 2024),
a large-scale web navigation dataset with task in-
structions and corresponding trajectories on 137
real websites. The dataset is in English and con-
structed by explicitly instructing annotators to re-
frain from using personal or sensitive information.
The goal is to complete each given natural language
task by performing a series of actions, where three
types of actions exist: CLICK, SELECT, and TYPE.
The agent needs to choose the target element to per-
form each action with, and each SELECT or TYPE
action additionally requires a string value for se-
lecting a specific option or typing the desired text,
respectively. Mind2Web provides three test splits
for evaluating web navigation agents’ generaliza-
tion capabilities. The cross-task split is the most
in-distribution setting; it contains new tasks but in
the domains and websites seen from the train split.
The cross-website split has new tasks on unseen
websites but in previously seen domains. Lastly,
the cross-domain split is for testing with new tasks
in unseen domains as well as websites. We summa-
rize the information about the Mind2Web dataset
and its statistics in Table 5.

Evaluation metrics. We employ the evaluation
protocol by Deng et al. (2024). The element ac-
curacy (“Elem. acc”) measures whether the agent
chose one of the ground-truth elements from the
web page at each time step. The operation F1
(“Op. F17) is the F1 score for the predicted action
(the type and string value) computed with respect
to the ground-truth action. The step success rate
(“Step SR”) counts successful steps, where each
step is considered successful only if the chosen
target element is correct and the action type and
string value match the ground truth. Following
Deng et al. (2024), these three step-wise metrics
are macro-averaged over tasks. For our empirical
analysis based on embedding similarity (Q2 from
Section 3.4), we use all-mpnet-base-v2 (Apache
2.0, allows research purposes) from SentenceTrans-
formers (Reimers and Gurevych, 2019; Song et al.,
2020).

A.2 Compared Methods

We employ the same element-ranking model sug-
gested and provided by Deng et al. (2024). Given

each element from the web page, the model out-
puts the score for its correctness as a target ele-
ment. The element-ranking model alone is not as
effective at predicting correct target elements by
choosing the highest-scoring elements. However,
as each web page often contains numerous candi-
date elements, the element-ranking model is used
to reduce the set of candidate elements by keeping
only top-/N-scoring elements, as the first stage of
the action prediction with all the compared meth-
ods. MindAct (Deng et al., 2024) uses N = 50
and conducts a tournament of elements, by group-
ing N = 50 candidate elements into sets of 5 or
less. SeeAct (Zheng et al., 2024) groups N = 50
candidates into three batches and tries predicting
the action given each with the screenshot. For our
in-context learning (ICL) agents with or without
intents, we predict the action in a single pass given
all the top-V candidates at once.

Hyperparameter Values
Attention FlashAttention-2
(Dao, 2023)
LoRA rank 64,128
LoRA « 8,16
LoRA dropout rate 0.1
Label smoothing factor 0.1,0

Learning rate 5e—6,1le—6,1le—>
Batch size 64
Epochs 3,4

Table 6: Training hyperparameter search for our intent
predictor with Mistral-7B-v@.1 where the best values
are bold-faced.

Hyperparameter Values
Context length 768,512
Label smoothing factor 0.1

Learning rate le—5,1e—6,5e—6
Batch size 64
Epochs 3

Table 7: Training hyperparameter search for our intent
predictor with Flan-T5-XL where the best values are
bold-faced.

16538



Seen during training?

Split Domains Websites Tasks Avg. horizon

Tasks Websites Domains
Train 18 73 1,009 7.71 v v v
Cross-task 18 69 252 8.31 X v v
Cross-website 10 10 177 7.76 X X v
Cross-domain 13 54 912 6.48 X X X

Table 5: The statistics and information about Mind2Web (Deng et al., 2024), a large-scale web navigation dataset
used for our evaluation.

Prompt for Intent Extractor

System

You are a helpful assistant that understands tasks in web environments and how to complete them step by step. Within the HTML webpage, given the final
goal, previous step subgoals, and the current ground-truth action, your job is to describe what the current action is achieving in the current step, with
respect to the final goal and previous step subgoals. The inferred current step subgoal must be a concise gerund (verb -ing) phrase that consists of two or
three words, where the first word is the gerund and the second (and possibly third) word(s) is a noun (phrase) as the object but without any named entities
or proper nouns. Describing the current step subgoal should be based on and connected to the final goal (and previous step subgoals). (For example, if the
final goal only specifies "to find the highest-rated accommodation" but not its type, and the accommodation chosen by the current action just happens to
be a hotel, the subgoal must not mention "hotel" at all because it is not part of the instruction from the final goal.) The target element of the current action
as well as other elements appear in the given HTML. Try to describe the current step subgoal, so that the subgoal combined with the final goal can uniquely
identify the target element among all the elements in the HTML. But as mentioned earlier, do not include any abundant information that is not needed to
identify the target element. Obeying the rules above, try to be consistent with previous step subgoals. Answer with reasoning, but strictly separate the
reasoning from the inferred subgoal in the answer. It should be detailed logical reasoning based on the final goal, previous step subgoals, HTML with the
elements in it, and importantly the rules above, but without reliance on the current ground-truth action. (Do not include any additional explanation (no
matter it is with or without parentheses) as part of the subgoal, even short ones. The subgoal must be just the subgoal with nothing else.) Some random
examples of possible subgoals: selecting store location, opening seat options, entering destination, selecting year, entering zip

In-Context Example

HTML

<html> <body> <div main> <div> <div region refine your search> <div> <div> <button id=0 job category> Job Category </button> <div combobox> </div>
</div> <div> <button id=1 city> City </button> <div combobox> </div> </div> <div> <button id=2 job type> Job Type </button> <div combobox> </div>
</div> <button id=3 location> Location </button> </div> </div> <div region facet results block> <select id=4 sort by> <option option most relevant true>
Most relevant </option> <option option most recent> Most recent </option> </select> </div> </div> </div> width= 1 height= 1 /> </body> </htmI>

Task Search the most recent full time Accounting & Finance Job available in Richmond, Virginia.

Previous intents
opening menu
initiating job search
entering job title
selecting job title
opening state filter
specifying state

Action

Target element: <button id=1 city> City </button>

Action: CLICK

Reasoning

The previous step completed specifying the state. As there is the element for filtering by city now, we can narrow it down by specifying the city, which is
required by the final goal ("Richmond"). Also, (a) the inferred subgoal is labeled consistently with the previous steps (especially "opening state filter")

and (b) it identifies exactly one target element from HTML.

Intent
opening city filter

In-Context Example ...

In-Context Example ...

Figure 4: The prompt for our intent extractor. We show only one in-context example due to the space limit.
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Prompt for LLM Policy

System

You are a helpful assistant that performs actions for solving tasks and completing goals in web environments. Your job is to decide the correct action for the
immediate next step. Specifically, you are given the (1) current web page (HTML), (2) final goal, (3) previous subgoals with corresponding actions, (4)
suggested subgoals for next step, and (5) target element choices. The (2) final goal is what you ultimately achieve, whereas (3) previous subgoals with
corresponding actions is what you have achieved so far. The (4) is a list of suggested subgoals for the immediate next step. The list is sorted from the most
probable to the least probable subgoal candidates, but it might contain wrong or irrelevant subgoals as well. You should connect the above inputs together
to predict the correct action.

To do that, you first need to choose the correct subgoal from (4). Examine each suggested subgoal from (4), from the beginning of the list (4), and once you
find the first subgoal that is valid in the current situation, use it as the subgoal for action prediction. When choosing the subgoal from (4), consider the
following aspects:

(a) whether that subgoal makes sense and is irrelevant or already achieved, considering (1), (2), and (3)

(b) what action will be taken given that subgoal and whether it makes sense

Based on the chosen subgoal, predict the correct action to achieve that subgoal. If none of the suggested subgoals make sense or are valid in the current
situation, try your best to do action prediction without subgoals.

To make the action prediction, among the (5) given choices of target elements (extracted from the (1) current web page), you need to infer the correct
choice and also the action to perform with that target element. Possible actions include {CLICK, SELECT, TYPE}, where SELECT and TYPE require additional
"Value" in addition to the action type. With CLICK action, when there are multiple, equally correct choices with the same meaning or intention, you should
prioritize elements designed for clicking, such as ‘<a>’, *<button>". SELECT action can only be used with "<select>" elements, and its "Value" should be the
text that appears between one of the <option>'-'</option>" pairs. TYPE action is usually performed with “<input>" elements, and its "Value" should be the
text to type.

In-Context Example

HTML

<html> <main main> <div> <button button> <svg id=0 img> <title> header.burgerMenu.title </title> <desc> header.burgerMenu.description </desc>
</svg> </button> <form> <label> <span> From </span> <input id=1 combobox text departure station, edinburgh (waverley) selected. edinburgh
(waverley) enter origin station... /> </label> <div> <fieldset> <span> Out </span> <input id=2 text date use format: 02-apr-23 02-apr-23 /> <select id=3
listbox hour hours> <option 00> 00 </option> <option 01> 01 </option> <option 02> 02 </option> <option 03> 03 </option> <option 04> 04 </option>
<option 05> 05 </option> <option 06> 06 </option> <option 07> 07 </option> <option 08> 08 </option> <option 09> 09 </option> <option 10 true> 10
</option> <option 11> 11 </option> <option 12> 12 </option> <option 13> 13 </option> <option 14> 14 </option> <option 15> 15 </option> <option
16> 16 </option> <option 17> 17 </option> <option 18> 18 </option> <option 19> 19 </option> <option 20> 20 </option> <option 21> 21 </option>
<option 22> 22 </option> <option 23> 23 </option> </select> </fieldset> <fieldset> <div> <button id=4 button> <span> Same day </span> </button>
<button id=5 button> <span> Next day </span> </button> </div> <select id=6 listbox hour hours> <option 00> 00 </option> <option 01> 01 </option>
<option 02> 02 </option> <option 03> 03 </option> <option 04> 04 </option> <option 05> 05 </option> <option 06> 06 </option> <option 07> 07
</option> <option 08> 08 </option> <option 09 true> 09 </option> <option 10> 10 </option> <option 11> 11 </option> <option 12> 12 </option>
<option 13> 13 </option> <option 14> 14 </option> <option 15> 15 </option> <option 16> 16 </option> <option 17> 17 </option> <option 18> 18
</option> <option 19> 19 </option> <option 20> 20 </option> <option 21> 21 </option> <option 22> 22 </option> <option 23> 23 </option> </select>
</fieldset> </div> </form> </div> </main> </html>

Task Book a journey with return option on same day from Edinburg to Manchester on April 2nd and book the best possible option available.

Previous intents and actions

entering departure: [combobox] Departure station, London selected. -> TYPE: edinburg
selecting departure station: [span] Edinburgh (Waverley) -> CLICK

entering destination: [combobox] Arrival station, Sheffield selected. -> TYPE: manchester
selecting destination station: [span] Manchester -> CLICK

selecting journey type: [radio] Return -> CLICK

selecting departure date: [textbox] Date use format: 29-Mar-23 -> CLICK

selecting return date: [link] 2 -> CLICK

entering return date: [textbox] Date use format: -> CLICK

selecting return date: [link] 2 -> CLICK

Suggested intents for action
1. specifying return time

2. confirming return time

3. selecting return time

4. specifying return hour

5. selecting same day

Element choices

A. <svg id=0 img> <title> header.burgerMenu.title </title> <desc> header.burgerMenu.description </desc> </svg>

B. <input id=1 combobox text departure station, edinburgh (waverley) selected. edinburgh (waverley) enter origin station... />

C. <input id=2 text date use format: 02-apr-23 02-apr-23 />

D. <select id=3 listbox hour hours> <option 00> 00 </option> <option 01> 01 </option> <option 02> 02 </option> <option 03> 03
E. <button id=4 button> <span> Same day </span> </button>

F. <button id=5 button> <span> Next day </span> </button>

G. <select id=6 listbox hour hours> <option 00> 00 </option> <option 01> 01 </option> <option 02> 02 </option> <option 03> 03

Action Choice: G Action: SELECT  Value: 17

In-Context Example ...

Figure 5: The prompt for our LLM policy with predicted intents. We show only one in-context example due to the
space limit.
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A.3 Intent Extractor

For discovering intents given demonstration trajec-
tories, we use our intent extractor Meytract POW-
ered by GPT-4 (gpt-4-0125-preview) (Achiam
et al., 2023) for our GPT agents and by Llama-
3.1-405B-FP8 (Dubey et al., 2024) for our Llama
agents, with the prompt in Figure 4. While we
use three in-context examples, we only present one
example due to the limited space. The input for
actual samples follows the same format as the in-
context examples, where the previously discovered
intents are used as part of the input for discovery
in subsequent time steps.

A.4 Intent Predictor

For training our intent predictor Dintent, WE aug-
ment each of the transitions from the train set of
Mind2Web (Deng et al., 2024) with intents discov-
ered with the intent extractor Myt ract, Where the
target intent is randomly selected from 5 intents
obtained with a temperature of 0.2. Similarly to
the dataset augmentation practice by Deng et al.
(2024), for each transition from the original trajec-
tory, we form 32 samples with different candidates
from the top-80-scoring elements, where 5% of
the original train set is excluded for a validation
purpose. We employ Mistral-7B-v@.1 (~ 7B pa-
rameters, license: Apache 2.0, allows research pur-
poses) (Jiang et al., 2023) for fine-tuning with Low-
Rank Adaptation (LoRA) (Hu et al., 2021) and
Flan-T5-XL (~ 3B parameters, license: Apache
2.0, allows research purposes) for full fine-tuning,
on the intent-augmented train set. We estimate ap-
proximately 1k GPU hours (Nvidia A100 40GB)
are used for training Mistral-7B-v@. 1, including
the exploration and hyperparameter search. For
the additional Flan-T5-XL training and hyperpa-
rameter search, we roughly used 0.4k GPU hours
(Nvidia A100 40GB). See Table 6 and Table 7 for
the hyperparameter search for Mistral-7B-v@. 1
and Flan-T5-XL respectively with best-found val-
ues (bold-faced). For intent prediction during the
inference phase, we generate up to 5 tokens and
use up to 12 beams for N = 20 and up to 8 beams
for N = 40, where the full beam search for each
input takes around 1 second.

A.5 LLM Policy

Given the top-k predicted intents, we use a
prompt-based LLM policy 7 for action predic-
tion. We present our prompt for the LLM policy,

powered by GPT-4 (gpt-4-0125-preview), GPT-
3.5 (gpt-3.5-turbo-0125), Llama-3.1-70B, and
Llama-3.1-405B-FPS8 in Figure 5. We incorporate
two in-context examples, but due to the limited
space, we show only one example. The actual sam-
ple input follows the same format as the in-context
examples, but we use the in-context examples from
a simpler setting (with N = 7 element choices)
than the actual problem setting (with N = 20 or
N = 40 element choices) to avoid having overly
long input contexts. Note that using a smaller /V de-
teriorates the correct element recall and the upper-
bound performance as well. We use k£ = 5 top
intent predictions for N = 20 element choices and
k = 7 top intent predictions for N = 40 element
choices.

A.6 Online Evaluation

For the online evaluation, we use a subset of
tasks from the Shopping split of the WebArena
benchmark (Zhou et al., 2023) with automatic
evaluators based on URLs. We leverage our
fine-tuned Mistral-7B intent predictors from the
Mind2Web experiments without any modifications.
As Mind2Web (Deng et al., 2024) does not include
stop actions in its dataset, we perform step-wise
evaluations to check task completion for all the
compared methods. We employ the observation
processing and element-ranking model described
in Appendix A.2 for all the methods compared in
this online evaluation.
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