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Abstract

The rapid advancement of autonomous web navigation has
significantly benefited from grounding pretrained Large Lan-
guage Models (LLMs) as agents. However, current research
has yet to fully leverage the redundancy of HTML elements
for contrastive training. This paper introduces a novel ap-
proach to LLM-based web navigation tasks, called Web El-
ement Preference Optimization (WEPO). WEPO utilizes un-
supervised preference learning by sampling distance-based
non-salient web elements as negative samples, optimizing
maximum likelihood objective within Direct Preference Op-
timization (DPO). We evaluate WEPO on the Mind2Web
benchmark and empirically demonstrate that WEPO aligns
user high-level intent with output actions more effectively.
The results show that our method achieved the state-of-the-
art, with an improvement of 13.8% over WebAgent and 5.3%
over the visual language model CogAgent baseline. Our find-
ings underscore the potential of preference optimization to
enhance web navigation and other web page based tasks, sug-
gesting a promising direction for future research.

Introduction
The field of autonomous web navigation has seen signifi-
cant advancements, driven by the capabilities of Large Lan-
guage Models (LLMs) in both mobile and webpage inter-
actions (Wang et al. 2024b; Mialon et al. 2023; Xi et al.
2023). Preliminary attempts, such as the ChatGPT Plugin
(OpenAI 2023), have also started building practical applica-
tions of web knowledge-based chatbot.

Web navigation can be described as processes where
agents perform specific tasks on behalf of human users
within a web environment, involving the interpretation of
high-level user instructions, decomposing them into basic
operations, and interacting with complex web pages dynam-
ically. To achieve this, agents must understand intricate web
scenarios, adapt to dynamic changes such as noisy text and
evolving HTML structures, and generalize successful oper-
ations to unseen tasks, thus freeing humans from repetitive
interactions with computer interfaces.

Traditional web agents trained through reinforcement
learning (Shi et al. 2017; Yao et al. 2022) often mimic hu-
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man behavior using predefined actions like typing, search-
ing, and navigating to a specific page. However, they fre-
quently struggle with the complexities of real-world web en-
vironments and the challenges of designing effective reward
functions. Recent research has leveraged the HTML under-
standing, logical reasoning, and code generation capabilities
of LLMs, enabling agents to comprehend long HTML doc-
uments and predict the next action steps. Notable examples
include Mind2Web (Deng et al. 2024), which provides an
realistic interaction dataset and fine-tunes multiple LLMs to
summarize verbose HTML and iteratively optimize and ex-
ecute actions. Other works such as WebGum (Furuta et al.
2023) and CogAgent (Hong et al. 2023) construct multi-
modal architectures, enhancing agents with visual percep-
tion abilities through supervised learning with a multimodal
corpus that includes HTML screenshots. These prior works
are thoroughly summarized in our related work section.

In parallel, preference learning in fine-tuning LLMs has
gained prominence, particularly since the introduction of
Reinforcement Learning with Human Feedback (RLHF) in
GPT-3 (Ziegler et al. 2019; Ouyang et al. 2022), which
aligns model outputs with human preferences through re-
ward modeling and reinforcement learning with KL diver-
gence constraints. More subsequent works, such as Direct
Preference Optimization (DPO) (Amini, Vieira, and Cot-
terell 2024) and its variants (Hong, Lee, and Thorne 2024;
Morimura et al. 2024), have reparameterized the reward
function and optimized training efficiency. These advance-
ments have primarily focused on mainstream tasks in natural
language processing, such as dialogue generation and code
generation. To our knowledge, the proven effectiveness of
preference optimization algorithms like DPO has not been
applied to web task automation.

Moreover, existing autonomous web navigation research
has not fully exploited the potential of contrastive learn-
ing using non-salient HTML elements. After observing the
structural complexity and crowded element arrangement in
HTML on both Mind2Web and real web environment, we
realized that these environments are naturally conducive to
data-augmented preference learning. We hypothesize that
incorporating preference learning can significantly enhance
LLM-based agents’ capabilities in web navigation tasks.

Motivated by this, we introduce Web Element Prefer-
ence Optimization (WEPO), a novel framework that inte-
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Figure 1: Illustration of Web Element Preference Optimization (WEPO). Given user intent, Find me a M2 Mac Air Laptop
with 15” screen, WEPO combines the correct element (marked in green) with heuristic rule-based sampled negative elements
(marked in red) to construct preference pairs. This process utilizes the maximum likelihood objective function proposed in al-
gorithms such as DPO to fine-tune the language model, thereby enhancing its accuracy in element discrimination and selection.

grates preference optimization algorithms into mainstream
LLM-based web navigation tasks. By sampling non-relevant
web elements as negative samples, we implement prefer-
ence learning that requires no human effort, thereby uti-
lizing redundant information in the web environment and
achieving high sample efficiency. Specifically, we design
a heuristic distance-based element sampling method tai-
lored to the DOM tree structure to enhance the efficiency of
contrastive learning. WEPO then maximizes the likelihood
of operations on preferred elements and minimizes it for
dis-preferred elements, aligning user high-level intent with
agent operation sequences. We illustrate WEPO in Figure
1, provide detailed implementation steps and the theoretical
foundation of WEPO in the subsequent sections.

For experiments, we selected the Mind2Web dataset due
to its high task diversity and realistic web scenarios, which
best validate the capabilities of fine-tuned LLM agents. Our
experiments on multiple mainstream open-sourced models
demonstrate that our WEPO significantly outperforms tradi-
tional supervised fine-tuning (SFT) methods, exceeding the
MindAct (Deng et al. 2024) baseline by 20.0% and We-
bAgent (Gur et al. 2023) by 13.8%. WEPO also surpasses
visual language model (VLM) CogAgent (Hong et al. 2023)
by 5.3% with smaller model parameters and faster inference

time, achieving state-of-the-art performance.
We believe WEPO represents a significant advancement

in autonomous web navigation, leveraging HTML structure
based preference optimization to enhance task performance
and suggesting promising directions for future research in
LLM-based web navigation and related applications.

Related Work
Web Navigation with LLMs. In the area of web navigation
and web-based task automation, the integration of LLM-
based agents has shown considerable promise. Kim, Baldi,
and McAleer (2024) and Sridhar et al. (2023) introduces
the use of prompting schemes combined with criticism or
hierarchical modularized design, Li et al. (2023) exploits
zero-shot prompt learning via self-reflection and structured
thought management, and Zheng, Wang, and An (2023) ap-
plies structural prompting with exemplar retrieval to achieve
few-shot in-context learning.

Gur et al. (2023) and Gür et al. (2023) demonstrated
the effectiveness of encoder-decoder architectures such as
HTML-T5, tailored to the HTML tree structure through so-
phisticated local and global attention mechanisms and a
mixture of denoising objectives. Deng et al. (2024) intro-
duced MindAct framework, which simplifies web interac-
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tion by transforming generation tasks into multiple-choice
formats through instruction fine-tuning, thereby gaining de-
cent performance on Mind2Web benchmark. In addition,
Nakano et al. (2021) developed WebGPT, which lever-
ages reinforcement learning with human feedback (RLHF)
(Ouyang et al. 2022; Ziegler et al. 2019) to align decision-
making processes with human-preferred answers. Yao et al.
(2022) discusses the integration of reinforcement learning
(RL) for scalable real-world web shopping, highlighting
the design of heuristic rewards that enhance learning effi-
ciency. CC-Net (Humphreys et al. 2022), despite not us-
ing large language models, utilizes a hybrid architecture
that integrates pixel-based inputs via ResNet (He et al.
2016) blocks and language embeddings through transformer
blocks (Vaswani et al. 2017), demonstrating exceptional per-
formance through its effective combination of RL and imita-
tion learning.Attempts to address web navigation using mul-
timodal large language models (MLLMs) are also emerg-
ing at scale (Hong et al. 2023; You et al. 2024; Wang et al.
2024a; Niu et al. 2024; Baechler et al. 2024; Cheng et al.
2024; Furuta et al. 2023). Among them, CogAgent once
reached the state-of-the-art on Mind2Web benchmark by us-
ing a high-resolution cross-modular image encoder in con-
junction with visual language model (VLM).

Benchmarks in web navigation have evolved rapidly from
the simplified MiniWoB (Shi et al. 2017) to the advanced
Mind2Web (Deng et al. 2024) and other alternatives (Lù,
Kasner, and Reddy 2024; Zhou et al. 2023; He et al. 2024).
Mind2Web tackles real-world complexities by incorporating
137 real-world websites into a wide range of 2350 multi-step
tasks across 31 domains.

Preference Learning with LLMs. Fine-tuning large lan-
guage models with preference objective has evolved signifi-
cantly with Direct Preference Optimization (DPO) (Rafailov
et al. 2024) and its variants (Hong, Lee, and Thorne 2024;
Meng, Xia, and Chen 2024; Morimura et al. 2024; Amini,
Vieira, and Cotterell 2024) improving on traditional RLHF
approaches (Christiano et al. 2017; Ziegler et al. 2019; Sti-
ennon et al. 2020; Ouyang et al. 2022). Recent advances fo-
cus on improving dataset quality (Morimura et al. 2024), in-
troducing marginal distinctions to better control bias (Duan
et al. 2024), optimizing the preference labeling process and
enhancing sample efficiency by minimizing human oracle
involvement (Bai et al. 2022) and acquire comparison pairs
actively (Muldrew et al. 2024).

Preference Learning in Web Scenarios. The application
of preference learning to web-based tasks is not a new con-
cept. Notable early work by Radlinski and Joachims (2005)
leveraged query chains and implicit user feedback, such as
click-through data, to refine search engine algorithms. This
approach aimed to capture subtle user preferences that were
not explicitly stated but could be inferred from their search
behavior sequences. Xiang et al. (2010) and Zhu et al. (2021)
also explored preference modeling and ranking for web re-
trieval applications, including data augmentation of user in-
teraction sequences for comparative learning. These works
provide a solid foundation for preference in web scenarios,
although they predate the era of large language models and
did not attempt to address web navigation issues directly.

As mentioned above, Nakano et al. (2021) revolves around
fine-tuning GPT-3 (Brown et al. 2020) to answer long-form
questions in a text-based web environment. The training of
WebGPT involves behavior cloning followed by rejection
sampling against a reward model trained to predict human
preferences, which is considered as an adaptation of prefer-
ence learning to web QA tasks.

Web Element Preference Optimization
Task Formulation
We formulate the web navigation task as a partially observ-
able Markov decision process (POMDP) (S,A, T,R, I,O)
according to Yao et al. (2022), with state space S, action
space A, deterministic transition function T : S × A → S,
reward function R : S × A → [0, 1], intent space I and
a state observation space S × I → O. A state s ∈ S
represents a webpage, an action a ∈ A(s) corresponds to
an operation on a webpage, a high-level natural language
intent i ∈ I represents a complex web interaction, usu-
ally involving implicit multi-step sub-instructions. Consis-
tent with mainstream efforts (Deng et al. 2024; Gur et al.
2023), we discard the use of a reward function r = R(s, a)
and do not consider employing reinforcement learning in
this work. Within interaction loop of the web environment,
numerous web elements ek exist, yielding candidate set E =
{e1, e2, ..., em}. The target element is denoted as ê with a
ground truth operation ô, which are both labeled through
human supervision, thereby determining â = a(ê, ô). In
the Mind2Web (Deng et al. 2024) setting, a state s includes
snapshots in multiple formats, such as HTML code and trace
files. We exclusively utilize the HTML scripts of the web-
page for WEPO learning. For each state, E comprises all
web elements that collectively form the current page. An
action a encompasses clicking on an interactive element
(CLICK,element ID), inputting textual content to an
input field (TYPE,element ID,value) and selecting
an option (SELECT,element ID,value).

LDPO (πθ;πref) = −E(x,aw,al)∼D

[
log σ

(

β log
πθ (aw | x)
πref (aw | x)

− β log
πθ (al | x)
πref (al | x)

)]
(1)

WEPO Implementation
We start by introducing the sampling mechanism of WEPO,
as illustrated by the partial DOM tree shown in Figure
1. Since every webpage can be parsed into a correspond-
ing DOM tree with each web element represented by a
unique node, web elements corresponding to nodes that are
closer in proximity under the same ancestor within the DOM
typically exhibit greater functional and semantic similar-
ity. Building on this characteristic, we have developed a
distance-based sampling method specifically tailored to the
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DOM tree structure, which begins by selecting a substan-
tial number (top k) of element anchors on the page, includ-
ing one correct element, and then calculates and sorts the
sum of the distances between negative and positive samples
to their lowest common ancestor (LCA) to quantify their
relative distances. Subsequently, the method proportionally
samples the top n closest elements from the sorted results,
which are then combined with the correct element to form
comparisons. We aim to enable the model to effectively learn
to distinguish between web elements with similar functions
based on the given operational intent.

During training, we implement Direct Preference Opti-
mization in WEPO, since DPO is free of reward modeling
and training stable (Rafailov et al. 2024). By optimizing the
target loss function, WEPO aims to increase the likelihood
of operations on preferred elements and decrease the likeli-
hood of operations on dis-preferred elements. As shown in
Equation 1, we introduce the maximum likelihood objective
proposed in DPO and adaptively modify the preferred com-
pletion yw and dis-preferred completions yl into preference
action pairs aw and al. Given the pretrained model πθ and
the reference model πref initialized from πθ, we fine-tune πθ

according to Equation 1, where β is a hyperparameter that
controls the penalty for deviations from πref .

We demonstrate the pseudo-code for WEPO implemen-
tation in Algorithm 1, which illustrates how aw, al, and x
used for optimizing are obtained at each training step. First,
we clean and prune the HTML code. Consistent with pre-
vious work (Gür et al. 2023; Deng et al. 2024), we adapt
an element-centric approach to isolate HTML snippets. By
focusing on a key element, we navigate its ancestors within
the HTML tree, guided by a simple constraint that moni-
tors the tree’s width and depth. We stop this traversal once
the number of descendants exceeds predefined thresholds,
thus defining the snippet using the sub-tree. We introduce
a pruning ratio k that represents the number of target ele-
ments remaining after pruning. We ensure that the pruned
HTML snippet contains the ground truth element during
training; In inference time, we use a small ranking LM de-
rived from the candidate generation stage of Deng et al.
(2024) to implement priority-based HTML pruning, which
scores all elements first and then selects the top-k elements
with the largest logits. Subsequently, we concatenate the pre-
processed HTML state s′, historical trajectory τ , initial in-
tent i and a sophisticated prompt template P to generate the
input x, where ⊕ denotes string concatenation.

Subsequently, we apply the tailored distance-based sam-
pling method to yield candidate set E. We set the number
of negative samples as n, corresponding to a positive-to-
negative sample ratio of 1 : n. After obtaining the negative
elements {el1 , el2 , ..., eln}, we employ a designed heuristic
rule fop to randomly sample the corresponding negative op-
erations oli , which involves selectively replacing TYPE and
SELECT to ensure balanced and diverse sample types. This
replacement occurs only when ô ̸= CLICK, as the negative
samples obtained through sampling have a very low proba-
bility of being TYPE or SELECT, adding data balance with-
out confusing the LLM about the functionality of webpage
elements. The rule empirically sets the replacement proba-

Algorithm 1: WEPO Algorithm

Require: (for each step)
Intent i, current HTML s, action trajectory τ ; prompt
template P ;
pretrained LM πθ, reference LM πref and deviation pa-
rameter β;
Pruning ratio k, negative ratio n;
Target element ê, corresponding operation ô and target
action â = a(ê, ô);

Ensure: (for each step)
1: Clean and prune the HTML DOM tree with k elements

remaining s′ = fprune(s, k);
2: Concatenate x = s′ ⊕ τ ⊕ i⊕ P
3: Get positive action aw = â;
4: Sample n negative elements {el1 , el2 , ..., eln} from can-

didate set E ← s′ based on LCA distance from ê;
5: for i = 1 to n do
6: Set ϵ ∼ random uniform(0, 1)
7: oli ∼ fop({CLICK,TYPE,SELECT}, ô, ϵ)
8: Get i-th negative action ali = a(eli , oli)
9: Optimize ∇θLDPO (πθ;πref) in Equation 1 given β,

x, aw and al = ali ;
10: end for

bility threshold at 0.33, and several verification confirmed
that values around this threshold have no significant impact
on WEPO. Therefore, when the positive sample is a CLICK
operation, the negative samples are also CLICK; however,
when the positive sample involves the other two actions,
the negative samples might be changed to CLICK. Finally,
we obtained aw, al, and x, and used Equation 1 to perform
gradient back-propagation on the pretrained LM πθ, with β
controlling the deviation from the reference model πref . We
opt for straightforward random sampling as an alternative,
where the randomly distributed negative samples also main-
tain a low correlation with ê on the webpage.

Experiments
Experimental Setup
We employ three mainstream pretrained LLMs of progres-
sively increasing model sizes to validate the scaling effects.
These models include Llama-3-8B1, Mistral-7B-Instruct-
v0.1 (Jiang et al. 2023), and Gemma-2B (Team et al. 2024).
For the hyperparameters of WEPO, we set the deviation pa-
rameter β to 0.95 and the negative sample ratio to 1:3. In
Mind2Web (Deng et al. 2024), a DeBERTa (He et al. 2020)
model trained within the candidate generation module uses
recall@50 for ranking elements and constructing a candi-
date pool for subsequent experiments. We similarly select a
pruning ratio of k = 50 to maintain consistency for compar-
ison, preserving 50 central elements and their neighboring
elements tagged with element ID. For the selection of k
and n values, we provide detailed explanations in the forth-
coming ablation studies. All models were configured with
a maximum context length of 8192 tokens. We employ the

1https://llama.meta.com/llama3/
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Model SSR / Op. F1 (%) overall cross domain cross task cross website
Flan-T5-XL MindAct 43.5 / 69.1 39.6 / 66.5 52.0 / 75.7 38.9 / 65.2
Llama3-8B MindAct 55.1 / 65.8 57.6 / 68.7 56.1 / 63.2 51.7 / 65.6

CogVLM-17B CogAgent 58.2 / - 59.4 / - 62.3 / - 54.0 / -
HTML-T5-XL + Flan-U-PaLM WebAgent 49.7 / - 48.3 / - 57.8 / - 42.9 / -

Llama3-8B WEPO random 61.1 / 73.9 62.5 / 77.5 62.5 / 67.2 58.4 / 77.1
Mistral-7B WEPO random 57.2 / 73.8 58.0 / 75.9 59.0 / 72.1 54.8 / 73.3
Gemma-2B WEPO random 45.4 / 49.5 49.1 / 55.7 45.2 / 42.9 41.9 / 50.0

Llama3-8B WEPO distance-based 63.5 / 76.1 64.4 / 81.6 66.1 / 74.9 60.0 / 71.9
Mistral-7B WEPO distance-based 59.5 / 76.8 59.8 / 80.9 62.1 / 76.2 56.7 / 73.2
Gemma-2B WEPO distance-based 48.4 / 53.3 53.5 / 60.3 47.9 / 48.8 43.7 / 50.7

Table 1: Overall performance of various models on different test sets, with evaluation metrics corresponding to SSR / Operation
F1 (%). The results were obtained under a negative sample ratio of 1 : 3. Notably, our Llama3-8B-WEPO model achieved the
highest scores in both overall SSR and Operation F1. Our top scores exceeded those of the much larger CogAgent (17B) model
by 5.3% and WebAgent (3B + 540B) by 13.8%. Additionally, our smaller Gemma-2B-WEPO model managed to closely match
and even slightly outperform the approximately 3B Flan-T5 based models (Chung et al. 2024) like MindAct.

Low Rank Adaptation (LoRA) technique (Hu et al. 2021) for
parameter-efficient fine-tuning, which helps reduce mem-
ory usage and conserve budget. The learning rate is set at
0.0001, and we use a combination of learning rate warmup
and a cosine decay strategy for training.

Evaluation Metrics. In this paper, we adopt the step suc-
cess rate (SSR) and Operation F1 score from Deng et al.
(2024). We no longer use element accuracy and success rate
because it is evident that both metrics are linearly associ-
ated with SSR, and successful interaction for the web navi-
gation agent is only considered when both the element posi-
tioning and the corresponding operation are correct, which
is precisely what SSR measures. The Operation F1 score is
equally indispensable as it considers the accuracy of the in-
put value for Type and SELECT commands. Furthermore,
both baseline studies by Gur et al. (2023) and Hong et al.
(2023) exclusively utilized SSR as the sole metric.

Additionally, we designed the element distance metric to
measure the positional deviation between the elements se-
lected by the WEPO model and the labeled elements. Con-
sistent with the previous sampling strategy, we calculate the
sum of the distances (in terms of steps) between the nodes
corresponding to two different web elements and their low-
est common ancestor (LCA) in the DOM tree to represent
their relative positions.

Results
We thoroughly evaluate WEPO on the partitioned three-tier
held-out test sets in Mind2Web (Deng et al. 2024), including
cross-domain, cross-website and cross-task datasets. This
allows us to understand how well our method can generalize
across different domains, websites, and tasks.

The experimental results are detailed in Table 1. Com-
pared to previous works (Deng et al. 2024; Hong et al.
2023; Gur et al. 2023), without utilizing any multimodal
information or customized model architecture, our best re-
sults obtained by fine-tuning the 8-billion parameter Llama-
3 pretrained model with web element preference learning

exceeded the three baselines by 20.0%, 5.3%, and 13.8%,
respectively. Even though there is still a significant gap be-
tween the model performance of gemma-2B and the larger
model (> 10%), these results demonstrate the effectiveness
of the WEPO method, proving its efficiency and general-
izability in enabling LLM-based agents for web navigation
tasks. In assessing generalization capabilities at different
levels, although Deng et al. (2024) found that their model
performed best in the Cross-Task setting, WEPO has nar-
rowed the gap between different test sets to less than 6.1%.
Additionally, observing the performance of WEPO models
of different sizes, we found that the step success rate in-
creases with model size, which verifies the presence of the
scaling effect in the Mind2Web real-world benchmark.

To eliminate the influence of model base choice on the
results, we thoroughly applied supervised fine-tuning using
the action prediction prompts from Mind2Web on Llama3-
8B. The results indicate that compared to this upgraded Min-
dAct baseline, WEPO also outperforms by 8.4% on the SSR
metric and by 11.0% on the Operation F1 score. This again
demonstrates that fine-tuning with positive human annota-
tion only, which is a simple maximum likelihood approach,
is less effective than our WEPO method. We then con-
ducted a comparison of its performance with random sam-
pling in Table 1 to validate the effectiveness of the distance-
based sampling method. Compared to random sampling, the
distance-based approach achieved a 2.3% to 3% higher SSR,
demonstrating its efficiency. In the subsequent analysis of
the element distance evaluation metric, it can also be seen
that this method successfully enhances the accuracy of the
model’s selections, indirectly suggesting better alignment
with user high-level intents.

What exactly is the role of preference learning in en-
hancing performance? For the Operation F1 score, we ob-
served a significant improvement from Gemma-2B-WEPO
to Mistral-7B-WEPO, which indicates that an increase in the
number of LLM training parameters not only makes the web
element localization more accurate but primarily enhances
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Model SSR (%) cross domain cross task cross website
Flan-T5-XL MindAct k = 50 39.6 52.0 38.9
Llama3-8B MindAct k = 50 57.6 56.1 51.7
Llama3-8B WEPO k = 50 64.4 66.1 60.0
Llama3-8B WEPO k = 10 49.7 55.0 46.5

Llama3-8B WEPO k = 10 w. ground truth ê 87.2 88.7 85.4

Table 2: SSR performance (%) from ablations on the cleaned HTML pruning ratio k value. For WEPO training, we forcibly
included the ground truth element, akin to a teacher-forcing mechanism. The results shown in the table, except for the last
row, represent the SSR after reassembling HTML from elements filtered through the first-stage ranking. Llama3-8B-WEPO
maintained a 10.1% improvement to Flan-T5 based MindAct even after reducing k.

Figure 2: Statistical distribution of Element Distance for dif-
ferent models (Llama3-8B, Mistral-7B and Gemma-2B) on
the test dataset. As the model size increases, the relative de-
viation in element distances decreases.

the accuracy of input or select text values. For MindAct,
however, our best performance was not significantly ahead
in F1 scores, suggesting that the WEPO method, compared
to traditional supervised fine-tuning, enhances the accuracy
of element selection in pretrained LMs. We infer that WEPO
leverages this enhancement through a contrastive training
scheme, wherein the model learns to distinguish between el-
ements that are critical for decision-making and those that
are not. Particularly when intentions are abstract, a web page
at any given moment may contain multiple elements that are
easily confused, and WEPO reduces the likelihood of incor-
rect element selection by the agent. By incorporating a con-
trastive mechanism, WEPO not only improves the accuracy
of navigation tasks but also enhances the model’s generaliz-
ability across different web layouts and designs.

The results in Figure 2 provide great support for this in-
ference. As the model size increases, the element distance
consistently decreases. Element distance, which represents
the relative position of elements in the DOM, is closely cor-
related with the elements’ function and design purpose. Cou-
pled with the score analysis in Table 1, this decreasing de-
viation suggests that the Llama3-8B-WEPO model becomes

Figure 3: Ablation studies on the negative ratio. We exper-
imented with the Llama3-8B-WEPO model at n = 1, 3, 5
and calculated the average SSR (%) on three cross-test sets,
which were 57.7%, 63.5% for distance-based sampling and
56.6%, 61.1%, and 62.4% for random sampling, respec-
tively. An elbow point was observed at n = 3 for random
sampling, where the increase in SSR sharply levels off. Fur-
thermore, the performance of distance-based sampling at a
1:3 ratio has already surpassed that of random sampling at a
1:5 ratio by 1.1%.

increasingly accurate in aligning with the intended functions
and design of web elements compared to the smaller models.
This result clearly indicates that the model has successfully
learned to recognize these web design differences, proving
that WEPO is an effective method for adapting to the HTML
structure, or more broadly for aligning with web design prin-
ciples. Furthermore, we have demonstrated the effectiveness
of our newly proposed element distance evaluation metric.

Why choose a 1:3 ratio for negative samples? We also
conducted ablation experiments on the negative sample ratio
in the WEPO Algorithm 1. Empirically, we aimed to sam-
ple as many negative samples as possible to enhance per-
formance through WEPO without over-sampling and exces-
sively increasing the training overhead. We uniformly sam-
pled n values of 1, 3, and 5, selected the best-performing
Llama3-8B-WEPO for experimentation and averaged the re-
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sults from two rounds. As shown in Figure 3, the overall
average scores on the test set increase with larger n values,
with a noticeable elbow point at n = 3 for random sampling.
We ultimately selected a 1:3 ratio as a fixed hyperparameter
to avoid linearly increasing training costs. Additionally, we
observed that the distance-based sampling method at n = 3
outperformed random sampling at n = 5, significantly im-
proving overall sample learning efficiency during training.
Furthermore, too many negative samples could potentially
create an imbalance between positive and negative sample
quantities. However, we did not experiment with larger n
values to verify potential performance degradation, as ex-
cessively large n values could hinder reproducibility.

What is the impact of HTML k-pruning on perfor-
mance? To address this question, we conducted ablation
studies on the selection of k, with results shown in Table
2. As our pruning is based on the first stage ranking LM
of MindAct, understanding the impact of this preprocessing
module is crucial. The authors of Deng et al. (2024) dis-
closed that when k = 50, the fine-tuned DeBERTa (He et al.
2020) model achieved recall accuracies of 88.9%, 85.3%,
and 85.7% on three held-out test datasets, and smaller val-
ues of k were not adopted due to lower recall rates.

However, in our results, when we set k to a smaller value
of 10, Llama3-8B-WEPO still performed above the base-
line. We deduce that although reducing k significantly de-
creases the recall rate of the ranking LM, it provides the
WEPO-trained model with a shorter HTML snippet and
fewer ID options, enhancing discrimination accuracy. More-
over, when we forcibly added the ground truth web element
ê directly into the candidate pool, the ablation model’s SSR
surged to over 80%. This conclusively demonstrates that the
WEPO method has significantly improved the model’s capa-
bility in action prediction and has shifted the original candi-
date retrieval module from a secondary issue to a major bot-
tleneck limiting the web agent’s progress on complex long-
context web pages.

Future Work
There remain several avenues for further development of
this approach. While WEPO has shown empirical success, a
deeper theoretical analysis could provide more foundational
insights into why and how preference optimization effec-
tively enhances web navigation tasks. Inspired by the ad-
vancements of models like WebFormer (Wang et al. 2022)
and HTML-T5 (Gür et al. 2023), future iterations of WEPO
could benefit from a dedicated HTML encoder that is specif-
ically tailored to understand the hierarchical and nested
structures of web documents.

The current implementation of WEPO has not explored
its potential over extremely large context lengths such as
phi-3-128k (Abdin et al. 2024). Future research could
look into the scaling abilities of WEPO when applied to such
models, which might be crucial for handling complex web
navigation tasks that involve detailed web pages.

While WEPO shows promising results in a controlled
benchmark environment, its ability to generalize across
highly diverse, real-world web interfaces remains an area

for further investigation. The variability in web design, in-
teractive elements, and underlying technologies across dif-
ferent websites may affect the consistency of WEPO’s per-
formance. We plan to test the performance of the WEPO
method on additional mainstream benchmarks such as We-
bLINX and WebVoyager (Lù, Kasner, and Reddy 2024; He
et al. 2024) in future work.

Conclusion
This paper introduced the Web Element Preference Opti-
mization (WEPO), a simple yet novel framework that in-
tegrates Direct Preference Optimization (DPO) into LLM-
based web navigation tasks. WEPO enhances LLM perfor-
mance by leveraging distance-based non-salient HTML el-
ements for contrastive learning, effectively aligning model
operations with user intent. Our empirical evaluations on the
Mind2Web benchmark demonstrate that WEPO surpasses
traditional models, achieving an 13.8% improvement over
the WebAgent baseline and a 5.3% enhancement beyond
the visual language model CogAgent, while also exhibiting
strong generalization across diverse web environments. This
research significantly enhances the capabilities of LLMs in
web navigation task, contributing to more efficient and intu-
itive web interactions.
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