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Abstract

Web automation uses intelligent agents to perform high-level
tasks by mimicking human interactions with webpages. De-
spite recent advances in LLM-based web agents, efficiently
navigating complex, real-world webpages remains challeng-
ing due to massive DOM structures (10,000~100,000 to-
kens). Current approaches either truncate DOMs—Iosing vi-
tal information—or use inefficient heuristics and separate
ranking models, failing to balance precision and scalabil-
ity. We introduce Prune4Web, a novel paradigm that trans-
forms DOM processing from LLM-based filtering to pro-
grammatic pruning. Our key innovation is DOM Tree Pruning
Programming, where an LLM generates executable Python
scoring programs to dynamically filter DOM elements based
on semantic clues from decomposed sub-tasks. This approach
eliminates the need for LLMs to process full DOMs, instead
delegating traversal and scoring to lightweight, interpretable
programs. The result is a 25~50 times reduction in candi-
date elements for grounding, enabling precise action local-
ization without attention dilution. Additionally, we propose a
data annotation method and a two-turn dialogue training strat-
egy that jointly optimizes Planner, Programmatic Filter, and
Grounder in a unified framework. Experiments demonstrate
state-of-the-art performance. On our low-level task grounding
task, our approach dramatically increases grounding accuracy
from 46.80% to 88.28 %, highlighting its effectiveness.

1 Introduction

Web automation enables the completion of high-level tasks,
such as booking flights or shopping online, through intel-
ligent agents that mimic human interaction on webpages.
These agents achieve this by interpreting high-level tasks,
breaking them down into low-level sub-tasks, and seam-
lessly interacting with web elements. Recently, large lan-
guage models (LLMs) have demonstrated impressive capa-
bilities in autonomous web navigation through their strong
reasoning and decision-making abilities (Yao et al. 2022;
Deng et al. 2023a). Current web agents approaches fall into
three main categories: 1) Textual HTML/DOM-based (Yao
et al. 2022; Song et al. 2025), 2) Visual Screenshot-
based (Lin et al. 2024; Cheng et al. 2024), and 3) Multi-
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Figure 1: Comparison between existing multi-modal web
agents and our Prune4Web paradim. Compared to existing
multi-modal web agent paradigms, we propose a program-
matic pruning strategy that efficiently removes redundant
DOM elements. Our Prune4Web approach relaxes the token
limits of LLMs and increases accuracy on low-level sub-task
grounding from 46.80% to 88.28%.

modal-based (He et al. 2024; Zheng et al. 2024a). Visual
screenshots provide an intuitive, human-like understanding
of webpage state, making them effective for reasoning about
low-level sub-tasks. However, they contain limited semantic
information, especially for special icons, and are sensitive
to variations in resolution and overlapping elements. In con-
trast, HTML/DOMs offer precise and stable semantic and
structural information that enables accurate element selec-
tion with minimal ambiguity.

In this paper, we leverage the complementary advan-
tages of text and visual multi-modal information and de-
sign a multi-stage framework: A planner model takes the
high-level task (e.g., “Book a flight to New York™) and a
screenshot, then decomposes it into a low-level sub-task
(e.g., “Find the destination field and Type NYC”). Based
on the sub-task, an action grounder model processes the
DOMs to precisely localize and execute the required op-



erations (e.g., selecting <input id="destination”>to type
“NYC”). However, modern webpage DOMs typically con-
tain 10,000-100,000 tokens—far exceeding the context ca-
pacity of most LLMs. This results in token truncation and
attention dilution, leading to critical information loss and
significant processing delays (Gou et al. 2024a; Deng et al.
2023a). Existing HTML pruning methods fall short, either
relying on overly simplistic heuristic filtering (He et al.
2024; Pan et al. 2024) or requiring separate language models
for element-ranking (Deng et al. 2023a). Neither approach
effectively addresses the core issue. The fundamental chal-
lenge remains: how to efficiently and accurately navigate
task-relevant elements from complete DOM structures.

To this end, we propose a Prune4Web pipeline through
a novel paradigm: DOM Tree Pruning Programming. We
observe that the low-level sub-tasks (e.g.,“Find the destina-
tion field”) output by the planner contain extensive semantic
clues about potentially relevant DOM elements. This insight
motivates us to shift the LLM’s role from directly locating
elements in lengthy DOMs to generating a locator program
based solely on the low-level sub-tasks, thereby avoiding
the need to feed long DOM sources into the LLMs (Jiang
et al. 2024a; Zhang et al. 2023b). Specifically, we imple-
ment this concept through our Programmatic Element Fil-
ter model. This filter receives a specific low-level sub-task
from the upstream Planner and prompts the LLM to gener-
ate a concise, task-specific Python scoring program. We de-
sign a heuristic-based scoring program template, requiring
the LLM to generate only key parameters for better control-
lability and flexibility. The generated program runs indepen-
dently outside the LLM, efficiently traversing the complete
DOM tree to score and rank all elements. This approach re-
duces candidate elements by 25~50 times, enabling precise
action localization without attention dilution. A downstream
LLM-based Action Grounder then selects the final element
from this refined shortlist, completing the grounding task.

To train the models within Prune4dWeb, we create an au-
tomated data synthesis pipeline that annotates structured in-
termediate outputs from raw data with minimal human in-
tervention. These include low-level sub-tasks for the Plan-
ner and key parameters for the Programmatic Element Fil-
ter. For optimization, we develop a novel two-turn dialogue
training strategy that jointly trains the Planner, Filter, and
Grounder as a unified model. We initially use Supervised
Fine-Tuning (SFT) with our annotated data to train a base
model (Zheng et al. 2024b). Subsequently, we apply Re-
inforcement Fine-Tuning (RFT) to enhance the Planner’s
long-term planning capabilities while integrating the pro-
grammatic filtering process into this optimization frame-
work. Extensive experiments on benchmark datasets (Deng
etal. 2023a; Pan et al. 2024) demonstrate the effectiveness of
the proposed Prune4Web. Notably, on our low-level sub-task
grounding benchmark, our approach greatly boosts ground-
ing accuracy from 46.8% to 88.28%, showing its core ad-
vantage. Our contributions are summarized as follows:

* We design a multimodal web agent framework that seam-
lessly combines the intuitive reasoning of visual inputs
with the semantic precision of HTML/DOM.
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* We introduce Prune4Web with a Programmatic Element
Filter that generates task-specific Python scoring pro-
grams to efficiently filter and rank elements to address
the DOM scalability bottleneck.

We present a data annotation method and a two-turn di-
alogue training strategy that jointly optimize the planner,
filter, and grounder. We use SFT and RFT to enhance
planning and programmatic filtering. Strong empirical
evidence validates our method on standard benchmarks.

2 Related Work

Multimodal-based Web Agents. To achieve higher preci-
sion in web interaction, directly processing HTML source
code has recently become a significant research direction
for LLM-based agents (Lai et al. 2024; Song et al. 2025),
leading to notable advancements. Researchers have lever-
aged the rich semantic and structural information within the
DOM by developing multimodal fusion techniques (Zheng
et al. 2024a; Furuta et al. 2023) or more powerful end-
to-end models (Lin et al. 2024; Cheng et al. 2024; Hong
et al. 2024; Xu et al. 2025) for precise element localization
and operation. However, these efforts toward precision in-
evitably face the challenge of information overload (Gou
et al. 2024a; Deng et al. 2023a; Xue et al. 2025). Modern
webpage HTML sources typically contain vast amounts of
irrelevant information. Feeding this directly into an LLM
wastes computational resources and dilutes the model’s fo-
cus across lengthy context (Gur et al. 2023). Balancing
HTML’s precision with efficient information processing re-
mains a critical, unsolved challenge.

DOM Tree Pruning Strategies. DOM tree pruning is a key
technique for addressing information overload challenge.
Existing methods fall into two categories. The first is rule-
based filtering, which relies on fixed heuristics like convert-
ing the DOM to a simplified accessibility tree (He et al.
2024; Zhou et al. 2023). The second is LLM-based rank-
ing, where the model is prompted to score and select from a
large number of element candidates (Deng et al. 2023a; Lu,
Kasner, and Reddy 2024; Kerboua et al. 2025). Rule-based
approaches are too rigid and generalize poorly. LLM-based
ranking fails to reduce the burden of processing long con-
texts. In contrast, our work introduces DOM Tree Pruning
Programming, a new paradigm that addresses both limita-
tions by having the LLM generate a lightweight locator pro-
gram (Qiao et al. 2024; Jiang et al. 2024b).

Programmatic Thinking for Agents. Our method is rooted
in programmatic thinking—a paradigm that enhances LLM
abilities by prompting them to generate intermediate code or
plans to solve complex problems. This approach has shown
effective for general reasoning and planning (Jiang et al.
2024a; Zhang et al. 2023b; Wei et al. 2022; Gupta and Kem-
bhavi 2023; Zhou et al. 2025b; Qin et al. 2024). In the agent
field, programmatic thinking typically generates high-level
action sequences that control agent behavior on the web (Ma
et al. 2023), mobile devices (Wen et al. 2024; Zhang et al.
2023a), or general computer operations (Zhang et al. 2024;
Tan et al. 2024; Wu et al. 2024; Xie et al. 2025). Our work
innovatively applies this paradigm to the lower-level prob-



lem of DOM filtering by generating an executable scoring
function that actively reshapes the model’s input.

Reinforcement Fine-Tuning for Agents. To enable agents
to learn complex policies beyond static datasets, Reinforce-
ment Fine-Tuning (RFT) is increasingly used to optimize
LLM agents for sequential decision-making in dynamic en-
vironments (Lu et al. 2025; Qi et al. 2024; Bai et al. 2025;
Guo et al. 2025). RFT allows agents to learn from outcomes
via a reward mechanism, enabling them to master complex
strategies. In Prune4Web, we not only employ RFT to op-
timize the Planner’s capabilities but also innovatively use
the success or failure of our DTPP process to provide rich
intermediate reward signals (Wang et al. 2025; Zhou et al.
2025a), facilitating more efficient policy learning.

3 Method
3.1 Prune4Web Framework and Workflow

We introduce Prune4Web, a multi-stage framework for com-
plex web automation tasks. The complete workflow is shown
in Figure 2. The framework consists of three stages: task
planning, element filtering, and action grounding.

Planning Stage. The workflow begins with the Planner
model, which decomposes a high-level task 7" into low-level
sub-tasks S, based on the current webpage screenshot Sc;
and operational history H;. This process is formally ex-
pressed as: S; = Planner(T, Sc;, H). For example, given
the high-level task “Book a flight to New York,” the Planner
might generate low-level sub-tasks like “Find the destination
field” and “Type NYC”, as well as current states. The Plan-
ner intentionally does not access the HTML source code,
keeping its focus on high-level strategic decomposition.
Filtering Stage. If a low-level sub-task S; requires interac-
tion with a specific element, the workflow proceeds to the
filtering stage managed by the Programmatic Element Fil-
ter model. This model implements our core method, DOM
Tree Pruning Programming, to generate a refined list of can-
didate elements C; from the complete HTML source code:
C; = ProgrammaticElementFilter(S;, HTML; ). The result-
ing list C} then serves as the sole input for the subsequent
Action Grounder.

Action Grounding Stage. The Action Grounder completes
the workflow by generating the final executable action A;. It
takes two inputs: the low-level sub-task S; from the Plan-
ner and the pruned candidate list C; from the Program-
matic Element Filter. This is formally expressed as A; =
ActionGrounder(Sy, [Cy]), where the brackets indicate that
[C] is conditional. This is because [Cy] is only required for
element-specific actions (e.g., ‘click’), whereas abstract ac-
tions (e.g., ‘task complete’) are grounded directly from S;.
In summary, the Prune4Web framework offers a dual ad-
vantage. It uses the structured, precise information from the
DOM to avoid the pitfalls of visual-based localization in
complex scenarios. At the same time, its innovative filtering
stage distills verbose HTML into a concise list of candidates.
This effectively mitigates information overload and signifi-
cantly reduces the difficulty and error rate of the grounding
task for the Action Grounder.
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3.2 DOM Tree Pruning Programming

DOM Tree Pruning Programming is the technical core of
Prune4Web. It offloads the heavy task of element filtering
from the LLM itself to a lightweight, dynamically generated
program.

Step 1: Initial Rule-based Filtering. The process begins
with a rule-based preliminary filtering of the raw HTML,;.
The core principle is to retain elements with clear inter-
active features based on their tags (e.g., <a>, <button>,
<input>) or ‘role’ attributes (e.g., ‘checkbox’). For non-
interactive elements, we extract key textual information
(from ‘text’, ‘aria-label’, etc.) and attach it to the nearest in-
teractive element as supplementary context. This step yields
a pre-processed DOM tree containing only context-enriched
interactive elements, serving as a more structured and less
noisy initial candidate set.

Step 2: Scoring Function Generation. The core task of
the Programmatic Element Filter is to generate a Python
scoring function fg.ore;+ for the current step. We design a
heuristic-based Scoring Function Template, where the LLM
only needs to generate key parameters for this template.
This approach significantly improves the stability and con-
trollability of the generated code while maintaining flexi-
bility. Algorithm 1 shows the pseudo-code of the template.
The template mimics human intuition when searching for
elements using keywords. It assumes that a target element
contains identifiable textual features within the HTML. The
template performs tiered, weighted matching across differ-
ent attributes: Tier 1 includes visible ‘text’; Tier 2 includes
non-visible but high-semantic attributes like ‘aria-label” and
‘placeholder’; and Tier 3 includes other attributes like ‘class’
or ‘id’ that may contain semantic cues. The template also
integrates multiple matching types (e.g., exact, substring,
fuzzy) and assigns weights based on match quality. With
this design, the Programmatic Element Filter simply gener-
ates a set of keywords and their corresponding base weights
based on the low-level sub-task S, enabling multi-faceted
relevance scoring for each element.

Step 3: Pruning Execution and Output Formatting. The
generated scoring function fg ..+ is immediately executed
to compute a score s for each element e in the pre-processed
DOM tree. The system then selects the Top-N highest-
scoring elements, where N defaults to 20. The impact of
varying N from 1 to 20 on pruning efficiency is visualized
and analyzed in the Experiments section.

Discussion. The primary advantage of DOM Tree Pruning
Programming lies in its combination of flexibility and struc-
ture. The LLM provides high-level, context-aware intelli-
gence by generating keywords and weights, while the hard-
coded function template ensures robust, efficient, and inter-
pretable scoring and execution. By generating a lightweight
function instead of directly processing lengthy raw HTML,
this paradigm avoids attention dilution from long contexts
and significantly reduces inference latency.

3.3 Data Synthesis

To effectively train our multi-stage architecture and rigor-
ously evaluate DOM Tree Pruning Programming, we recon-
structed and re-annotated the public Multimodal-Mind2Web
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plan, the Programmatic Element Filter produces a scoring program that is applied to the DOM tree elements to yield a pruned
DOM tree. (D) This pruned DOM forms the refined input for the Action Grounder, which then selects an executable action.

(MM2W) dataset (Deng et al. 2023a). The original MM2W level sub-tasks to scoring program parameters. The Action
dataset contains only high-level tasks, per-step source code, Grounder maps low-level sub-tasks and pruned lists to fi-
and final target elements and actions, lacking the intermedi- nal actions. In the Unified Model approach, we designed an
ate reasoning steps our framework requires. To address this, innovative two-turn dialogue template to optimize a single
we used GPT-4o0 (Hurst et al. 2024) as an annotation tool to model. In the first turn, the model acts as both Planner and
add rich intermediate labels for each step. These labels in- Programmatic Element Filter, generating the low-level sub-
clude: (1) low-level sub-tasks for the Planner; (2) keywords task and scoring parameters simultaneously. In the second
and their weights for the Programmatic Element Filter; and turn, after receiving the pruned list from the executed pro-
(3) pruned DOM trees and thought processes for the Ac- gram, the model acts as the Action Grounder to output the
tion Grounder. After annotation, we performed secondary final action. Experiments show the unified model is better
cleaning and manual verification to ensure high data quality suited for highly-coupled web automation tasks.

while strictly adhering to MM2W’s original train/test splits.
Using this annotated data, we constructed a new evaluation
set that treats generated low-level sub-tasks as direct input
to evaluate the grounding performance of subsequent mod-
els, directly validating the effectiveness of DOM Tree Prun-
ing Programming. Our final dataset contains approximately
5,000 high-quality interaction steps, divided into training
and test sets.

Reinforcement Fine-Tuning (RFT). As SFT is insufficient
for teaching complex, long-horizon planning and task de-
composition, we employ Group Relative Policy Optimiza-
tion (GRPO) (Shao et al. 2024) for targeted RFT of the
Planner (or the first turn of the unified model). We apply
RFT selectively to the Planner because the Programmatic
Element Filter and Action Grounder handle more determin-
istic tasks that can be effectively learned through SFT. The
success of RFT depends on our Hierarchical Reward Mech-
anism, which provides timely feedback to the Planner based

3.4 Training Strategy

Our training strategy involves two core stages: Supervised on downstream model performance. The Planner’s reward
Fine-Tuning (SFT) and Reinforcement Fine-Tuning (RFT), Riotqr at each step combines format and accuracy compo-
both conducted on the Qwen2.5VL-3B-Instruct model. nents: Riotat = Rformat + Rfittering + Rgrounding- Here,
Supervised Fine-Tuning (SFT). The goal of SFT is to Ryormar ensures the generated low-level sub-task follows
teach the base model to perform three distinct roles: Plan- the correct format, I ;jiering provides critical intermediate
ner, Programmatic Element Filter, and Action Grounder. We feedback by verifying whether the Programmatic Element
explored two SFT paradigms: Separate Models and Uni- Filter’s program successfully retains the ground-truth ele-
fied Model. In the Separate Models approach, we fine-tune ment in the pruned list, and Ry;.ounding measures final sub-
three independent models, each specialized for one task. task success based on the Action Grounder’s output. In our
The Planner maps high-level tasks and screenshots to low- design, these rewards are binary rewards (1 for success, 0 for
level sub-tasks. The Programmatic Element Filter maps low- failure).

34713



Algorithm 1: Scoring Function Template

Input: E: Pre-processed list of candidate elements;
W: Keywords with base weights ({k : wpqse }) gener-
ated by LLM

Qutput: S: Final relevance scores for ranking;
P: Scoring justifications (paths)

Hyperparameters: a1 > as > a3 > oy
Quality: Exact > Phrase > Word > Fuzzy

B1 > B2 > B3 // Attribute Priority: Visual Text >

Trusted Attribute > Other Attribute

// Match

1: for each element e in F do
2: Sle] + 0; Ple] + 0
3:  for each attribute pair (text, type) in e do
4 if type is Visual Text (e.g., text_content) then
5 B+ b1
6: else if type is Trusted Attribute (e.g., name) then
7 B < B2
8: else if type is Other Attribute (e.g., class, id) then
9: B < B3
10: end if
11: tokens « Split(text)
12: for each keyword k£ in W do
13: a+0
14: if text = k then
15: o // full exact match
16: else if (k has spaces) and (k is substring of text)
then
17: a4 Qo // phrase match (on raw text)
18: else if (not k has spaces) and (k € tokens)
then
19: a4 Qg / / word match (on token list)
20: else if FuzzyScore(k, text, tokens) > 6 then
21: a < ay x FuzzyScore(k, text, tokens) //
fuzzy match
22: end if
23: if o > 0 then
24: Sle] < Sle] + (W[k] x a x B)
25: Ple].add(Path(k, type, o))
26: end if
27: end for
28:  end for
29: end for

30: return (S, P)

4 Experiments
4.1 Experimental Setup

Benchmarks, Datasets, and Metrics. We conduct our
primary offline evaluation on the standard Multimodal-
Mind2Web benchmark (Deng et al. 2023a), following its of-
ficial evaluation metrics (Element Accuracy, Operation F1,
and Step Success Rate). For model fine-tuning, we use a cus-
tom dataset of approximately 5,000 interaction steps created
by re-annotating and cleaning the Multimodal-Mind2Web
training and development sets (detailed in Section 4.2). To
assess the effectiveness of DOM Tree Pruning Program-
ming, we build a new evaluation set from our re-annotated
data. This benchmark uses ground-truth low-level sub-tasks
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as direct input to evaluate the grounding performance of
the Programmatic Element Filter and Action Grounder mod-
els. We measure low-level sub-task grounding results using
grounding accuracy. Additionally, we conduct targeted ab-
lation studies on a curated set of online, dynamic websites,
using LLM-Verified Task Completion Rate as the primary
metric in Section 4.3.

Implementation Details. Our evaluation focuses on two
versions of Prune4Web: a Two-turn Dialogue Unified ver-
sion and a Separate Models version, both fine-tuned from
Qwen2.5VL-3B-Instruct (Bai et al. 2023). To assess low-
level sub-task grounding performance, we also trained a
lighter Qwen2.5-0.5B-Instruct (Bai et al. 2023) model,
demonstrating that our Programmatic Element Filter and
Action Grounder operate effectively with lightweight LLMs.
We developed all Prune4dWeb models using the two-stage
SFT+RFT training approach described in Section 4.3.
Baselines. We compare our method with proprietary models
such as GPT-4 (Achiam et al. 2023), GPT-40 (Hurst et al.
2024), and SeeAct (Zheng et al. 2024a), as well as state-of-
the-art fine-tuning methods based on open-source models,
including SeeClick-9.6B (Cheng et al. 2024), MiniCPM-
3.1B (Hu et al. 2024), ScribeAgent-32B (Shen et al. 2024),
GPT-40 UGround (Gou et al. 2024b), EDGE-9.6B (Chen
et al. 2024), and MindAct Flan-T5XL (Deng et al. 2023b).

4.2 Main Results

Performance on Standard Web Benchmarks. On the offi-
cial Multimodal-Mind2Web test splits (results in Table 1),
our proposed Prune4Web, particularly the Two-turn Dia-
logue unified model, demonstrates strong performance and
significantly outperforms several baselines. Notably, our
model achieves this competitive performance on a moder-
ately sized training set of only ~5,000 trajectories while di-
rectly processing raw, complex HTML. This demonstrates
our method’s excellent data efficiency and significant poten-
tial for improvement.

Performance on Low-Level Sub-Task Grounding. To pre-
cisely and isolatingly evaluate the effectiveness of DOM
Tree Pruning Programming, we use a ground-truth low-
level sub-task as direct input to evaluate the grounding
performance of the Programmatic Element Filter and Ac-
tion Grounder models. Since the unified Two-turn Dia-
logue model cannot be easily dissected for this purpose,
we evaluate the Programmatic Element Filter and Action
Grounder models trained using the Separate Models strat-
egy. We report results for: 1) fine-tuning the Qwen2.5VL-
3B-Instruct model using original HTML without pruning,
2) oracle pruning (GT elements guaranteed in top candi-
dates), 3) direct pruning and decision with LLMs, and 4) our
Prune4Web pruning and decision. The results (Table 2) show
that, given a perfect low-level sub-task, our full Program-
matic Element Filter—Action Grounder pipeline achieves a
grounding accuracy of 88.28%. This performance far sur-
passes the baseline without pruning (46.8%) and signif-
icantly outperforms using the more powerful GPT-40 as
the Action Grounder (80.65%). Additionally, even with the
much lighter Qwen2.5-0.5B-Instruct, our method shows su-
perior performance on both pruning results and grounding



Cross-Task

Cross-Website Cross-Domain

Method
Ele. Acc Op.F1 Step SR Ele. Acc Op.F1 Step SR Ele. Acc Op.F1 Step SR
Proprietary Models
GPT-4 (Achiam et al. 2023) 40.8 63.1 323 30.2 61.0 27.0 354 61.9 29.7
GPT-40 (Hurst et al. 2024) 5.7 77.2 43 57 79.0 39 5.5 86.4 4.5
SeeAct (Zheng et al. 2024a) 46.4 73.4 40.2 38.0 67.8 324 424 69.3 36.8
Open-Source Models
SeeClick-9.6B (Cheng et al. 2024) 26.3 86.2 23.7 21.9 82.9 18.8 22.1 84.1 20.2
MiniCPM-3.1B (Hu et al. 2024) 23.8 86.8 20.8 20.3 81.7 17.3 17.9 74.5 14.6
ScribeAgent-32B (Shen et al. 2024) 38.0 52.9 35.6 34.1 52.7 325 394 54.7 37.3
GPT-40 UGround (Gou et al. 2024b) 47.7 - - 46.0 - - 46.6 - -
EDGE-9.6B (Chen et al. 2024) - - 30.0 - - 21.1 - - 22.4
MindAct Flan-T5XL (Deng et al. 2023b) 55.1 75.7 52.0 42.0 65.2 38.9 421 66.5 39.6
Prune4Web Variants
Prune4Web-3B (Separate Models) 46.0 834 422 43.0 77.3 37.8 422 84.4 40.6
Prune4Web-3B (Two-turn Dialogue Unified) 58.4 84.1 52.4 50.2 81.2 44.9 49.2 84.4 46.1

Table 1: Performance on the Multimodal-Mind2Web benchmarks across different methods. (Ele. Acc: Element Accuracy; Op.
F1: Operation F1; Step SR: Step Success Rate). Two variants of our Prune4Web are evaluated. The Separate Models approach
uses three independent models for the planner, filter, and grounder. The Unified Model approach uses an innovative two-turn
dialogue training strategy to optimize three stages as a single model. Top-1 accuracy is represented using bold text.

accuracy. This experiment demonstrates that our DOM Tree
Pruning Programming method achieves state-of-the-art per-
formance in precise element localization and operation.

4.3 Ablation Studies and Further Analyses

To meticulously validate the contributions of our key de-
sign choices, we conduct ablation studies and further analy-
ses. These experiments investigate the precision of our filter-
ing mechanism, the effectiveness of programmatic filtering
compared to simpler baselines, the contribution of our multi-
stage architecture, and the efficacy of our training strategies.
We also evaluate the framework’s robustness in dynamic on-
line environments to demonstrate its practical applicability.

Performance in Dynamic Online Environments. The ef-
fectiveness of Prune4Web in dynamic online environments
is demonstrated through our ablation studies in Table 3 and
Table 4. Component analysis on a curated set of 30 online
tasks shows consistent performance improvements. Our pro-
grammatic filtering significantly enhances task completion
rates for smaller models like GPT-40-mini, while the com-
plete three-stage architecture achieves the best overall re-
sults. These findings confirm the framework’s generalization
capability and practical applicability in real-world settings.

Effectiveness of Programmatic DOM Filtering. We com-
pared our programmatic filtering against a baseline where
the LLM directly performs Top-N selection in Table 3. The
results show that for the powerful GPT-40, our method
maintains a high level of performance. However, its true
value is demonstrated on smaller models. For GPT-40-mini,
Prune4Web’s filtering boosts the task completion rate by
over 5 percentage points (from 26.3% to 31.6%). For our
fine-tuned Qwen2.5VL-3B, the baseline fails completely
(0.0%), while our structured method achieves a functional
score (5.2%). This highlights that the programmatic ap-
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proach is essential for enabling smaller or specialized mod-
els to handle complex filtering tasks. filtering tasks.
Contribution of the Multi-Stage Architecture. We eval-
uated the necessity of our three-stage Planning-Filtering-
Action Grounding architecture. As shown in Table 4, each
stage provides a clear benefit. For GPT-40-mini, starting
with only an Action Grounder yields 21.1% task comple-
tion. Adding the Planner boosts this to 26.3%, and further
adding our Programmatic Element Filter brings the final per-
formance to 31.6%. This steady improvement validates each
component’s contribution and confirms the rationality of our
complete multi-stage design.

Efficacy of Training Strategies. We also assessed the im-
pact of the RFT in Table 5. The results show that adding RFT
on top of SFT consistently and significantly improves the
Planner’s capabilities. For the Separate Models framework,
RFT boosts the Step Success Rate (Step SR) from 37.9% to
42.2%. For the Two-turn Dialogue Unified model, RFT pro-
vides an even larger boost, from 46.5% to 52.4%. These re-
sults confirm that our synergistic RFT approach, which uses
filtering success as a reward, effectively optimize the Plan-
ner’s policy for both training paradigms.

Filtering Recall Analysis. To evaluate the effectiveness of
the scoring programs generated by the Programmatic Ele-
ment Filter, we measured the Recall@N performance across
various backbone models, as shown in Figure 3. The re-
sults clearly indicate that our fine-tuned models signifi-
cantly outperform the zero-shot GPT models at all values
of N. Specifically, both our fine-tuned Qwen2.5-0.5B and
3B models achieve a recall rate of over 90% when consider-
ing just the top 3 candidates (N = 3), and approach 95%
at N = 5. In contrast, the powerful GPT-40 model only
reaches approximately 72% recall at N = 3 and ends at
around 86% at N = 20. A particularly noteworthy finding



Grounding

Method Accuracy (%)

Recall@20

GT Task + Original HTML (No Pruning)

Qwen2.5VL-3B-instruct (FT) - 46.80

Oracle Pruning (GT guaranteed in top 20 candidates)
GPT-40 - 82.83
GPT-40-mini - 75.39
Qwen2.5VL-3B-instruct (ZS) - 11.99
Qwen2.5VL-7B-instruct (ZS) - 12.08
Qwen2.5VL-3B-instruct (FT) - 90.28

GT Task + End-to-End LLM Pruning & Decision

GPT-40 85.56 70.84
GPT-40-mini 89.19 67.57
GT Task + Prune4Web’s Programmatic Element Filter Pruning
GPT-40 85.56 80.65
GPT-40-mini 89.19 73.75
Qwen?2.5-0.5B-instruct (FT) 97.64 88.28
Qwen2.5VL-3B-instruct (FT) 97.46 88.28

Table 2: Performance with Ground-truth (GT) low-level sub-
tasks on our custom grounding benchmark (1101 trajecto-
ries), evaluating Programmatic Element Filter and Action
Grounder capabilities under various conditions. Recall@20
indicates the percentage of times the ground-truth element is
successfully included within the top 20 candidates after the
filtering stage. ZS denotes zero-shot, and FT denotes fine-
tuning. Top-1 accuracy is indicated by bold text.

I .. Qwen2.5
Filtering Method GPT-40 GPT-40-mini VL-3B
LLM Top-N Selection 421 26.3 0.0
Prune4Web Filtering 42.1 31.6 5.2

Table 3: Ablation on Programmatic DOM Filtering (LLM-
Verified Task Completion Rate %).

is that our fine-tuned 0.5B model performs almost identi-
cally to the 3B model. This demonstrates that our DOM Tree
Pruning Programming paradigm effectively distills the com-
plex filtering task into a simple program generation problem
that can be mastered even by smaller, more efficient mod-
els. This high recall with a small NV is crucial, as it provides
the downstream Action Grounder with a small, high-quality
set of candidates, significantly reducing the difficulty of the
final grounding step.

5 Conclusion

This paper addressed the significant challenge of informa-
tion overload for LLM-based web agents by introducing
Prune4Web, a multi-stage architecture based on a Planning
— Programmatic Filtering — Action Grounding workflow
and the core method of DOM Tree Pruning Programming.
Our key innovation leverages LLMs to generate lightweight,
interpretable Python programs that dynamically score and
prune DOM elements based on semantic clues from de-
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Architecture GPT-40 GPT-40-mini
Action Grounder Only 36.8 21.1
Planner + Action Grounder 42.1 26.3
Full Framework (Prune4Web) 42.1 31.6

Table 4: Ablation on multi-stage framework (LLM-Verified
Task Completion Rate %).

Training Strategy ~ Framework Step SR (%)
SFT Only Separate Models 37.9
SFT + RFT Separate Models 42.2
SFT Only Two-turn Dialogue 46.5
SFT + RFT Two-turn Dialogue 52.4

Table 5: Ablation on training strategies (Step SR: Step
Success Rate %) with Qwen2.5VL-3B-instruct on offline
Multimodal-Mind2Web Cross-Task subset.

Model Recall Rate Comparison
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Figure 3: Recall@N performance of our programmatic fil-
tering stage with different backbone models. The y-axis rep-
resents the percentage of times the ground-truth element was
successfully included in the Top-N candidates.

composed sub-tasks. This approach eliminates the need for
LLMs to process massive DOMs, reducing candidate ele-
ments by 25~50 times while maintaining high accuracy.
Our automated data annotation pipeline provides supporting
data for training our model. Additionally, our two-turn dia-
logue training strategy jointly trains the Planner, Filter and
Grounder as a unified model. This training approach com-
bines SFT with a targeted RFT that uses intermediate filter-
ing results as reward signals for the upstream Planner, sig-
nificantly improving the model’s strategic task decomposi-
tion capabilities. In conclusion, Prune4Web offers an effec-
tive and efficient solution to information overload through its
innovative programmatic pruning paradigm and synergistic
training strategy, laying a solid foundation for more accurate
and reliable next-generation web automation systems.
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