
A. Task Content Constraints
For document understanding tasks, the content safety is rel-
atively controllable due to the constraints of task type and
information sources. In contrast, web interaction tasks re-
quire the system to autonomously collect information from
web pages, so we have implemented a multi-stage filtering
mechanism to ensure safety.

Data Parsing Stage. We utilize LLMs to evaluate both
web links and page content. During this process, the LLM
evaluator is explicitly instructed to avoid pages containing
personal or private information (e.g., pages with email ad-
dresses, phone numbers, or physical addresses) and to pri-
oritize high-quality pages that do not involve sensitive in-
formation. After the page data is collected, GRAPH2EVAL
utilizes LLMs to evaluate links and pages for privacy and
compliance. The evaluation dimensions include: (i) pri-
vacy safe: no exposure of personal or private information;
(ii) copyright safe: no proprietary or subscription content;
(iii) content safe: no harmful or inappropriate content;
(iv) robots compliant: compliance with robots.txt
rules. Any page that fails the privacy safe check is auto-
matically filtered out and does not proceed to subsequent
graph construction or task generation processes.

Task Generation Stage. In the task generation stage,
constraints are explicitly defined in the prompt templates
for web tasks, prohibiting tasks involving payment or pri-
vacy data operations. These constraints are applied both in
LLM prompts based on subgraph analysis and those based
on meta-path analysis, ensuring that generated web tasks
do not require agents to perform operations involving sensi-
tive information. Additionally, the system employs a busi-
ness data placeholder mechanism, using the placeholder
[BUSINESS DATA] in task descriptions and steps to re-
place real data values. This prevents the generated tasks
from directly containing any actual business data that might
leak sensitive information. Task examples clearly demon-
strate the use of placeholders instead of real data.

B. Task Templates
Task templates constitute the core structural modules
in GRAPH2EVAL for automatically generating evaluation
tasks. Each template is designed as a structured data class
and encapsulates fundamental information including a tem-
plate ID, name, description, task type and difficulty level.
In addition, templates provide Jinja2-formatted prompt and
reference answer templates to dynamically generate task
content.

Each template imposes strict graph-structure require-
ments, specifying mandatory node types, edge types, min-
imum and maximum node counts, and maximum hop

distances, ensuring that tasks are instantiated from spe-
cific subgraph structures within the knowledge graph.
GRAPH2EVAL supports twelve distinct text-based task
types, ranging from fundamental tasks such as information
extraction, comprehension, and summarization, to more
complex tasks including multi-hop reasoning, comparative
analysis, fact verification, image interpretation, and cross-
referencing. Each task type is associated with a designated
difficulty level (Easy, Medium, Hard).

Templates also define detailed evaluation criteria, in-
cluding evaluation metrics, requirements for exact match-
ing, reference citations, reasoning paths, as well as version
control and tagging mechanisms. The template library
manager intelligently selects suitable templates based on
the structural features of a given graph (node types, edge
types, and node counts) and leverages the Jinja2 engine to
render variables into concrete task prompts and reference
answers. This facilitates fully automated instantiation from
abstract templates to concrete evaluation tasks.

Comparison Tasks in Task Templates

Compare the following pieces of information:
• Item 1: {{ comparison items[0].content
}}

• Item 2: {{ comparison items[1].content
}}

{{ question }}
Provide a detailed comparison and cite your sources.
{{ answer }}

C. Meta-Path

The meta-path serves as a core mechanism in
GRAPH2EVAL for generating web-based tasks, enabling
automatic transformation from subgraphs of web pages
into executable tasks. The system employs a hierarchical
design comprising two key components: MetapathPattern
and MetapathInstance. The pattern defines the structural
template of a task, e.g., SearchBox($search)− [Fills]− >
BusinessData($query)− [Controls]− > Button($submit),
while the instance represents the matching result of a
pattern on a concrete subgraph. The system integrates a
Graph Regex Engine, supporting regex-like graph pattern
syntax, including node type matching, edge type matching,
quantifiers (e.g., ?, *, +, {n,m}), and alternative constructs
(e.g., Toast|Modal), thereby enabling flexible matching
and dynamic composition.

GRAPH2EVAL follows a three-tier priority strategy:
(1) Business Data Patterns: require subgraphs to contain
real business data nodes (e.g., user data, product data, order
data), enabling generation of high-value business-related
tasks; (2) General Interaction Patterns: applicable to



pages with common web elements such as search boxes,
buttons, or navigation elements; (3) Basic Interaction Pat-
terns: serve as fallback mechanisms to ensure that even the
simplest page structures can generate basic interactive tasks.
Variables in patterns (e.g., $search, $button) are bound to
specific node IDs in the subgraph via a slot-binding mech-
anism. Based on the matched pattern type, the system gen-
erates corresponding task steps (e.g., click, input, navigate),
ultimately producing a fully executable web task instance.
This framework achieves automated transformation from
abstract graph structures to concrete, actionable tasks.

D. Limitations and Discussion

Our approach has two main limitations. (1) It relies on accu-
rate knowledge graph modeling. If the graph is incomplete
or contains errors, the quality of the generated tasks may
be adversely affected. (2) The method currently focuses
on structured knowledge and predefined relationships. This
may limit its ability to generate tasks involving unstructured
or novel information outside the knowledge graph, poten-
tially constraining the diversity and coverage of tasks. In fu-
ture work, these limitations could be addressed by integrat-
ing more robust knowledge-graph construction techniques
and incorporating methods that allow the model to leverage
unstructured data, thereby improving task quality, diversity,
and coverage.

E. Agent Architecture

In this section, we describe the types of agents supported
in GRAPH2EVAL. Their capabilities are summarized in Ta-
ble 7.

Single-Agent. The Single-Agent integrates a Retrieval-
Augmented Generation (RAG) framework, following a
four-step retrieve-execute-evaluate-respond workflow. It
produces structured outputs that include references, reason-
ing paths, and confidence scores. A memory management
module records task history and supports interactive dia-
logue, enabling more coherent and context-aware reason-
ing.

Multi-Agent. The Multi-Agent establishes a distributed
collaborative reasoning architecture for complex task de-
composition and coordination, which also integrates RAG
capabilities. It defines five core agent roles: PLAN-
NER (task planning and decomposition), RETRIEVER
(information retrieval), REASONER (logical inference),
VERIFIER (result validation), and SUMMARIZER (infor-
mation consolidation). Each agent maintains indepen-
dent reasoning capabilities, recording reasoning steps via
ReasoningStep structures that capture source/target

nodes, edge relations, logic, and confidence. Agents com-
municate through a standardized messaging protocol, en-
abling dynamic task allocation and load balancing. This de-
sign allows the system to handle complex multi-hop reason-
ing tasks, achieving collaborative reasoning performance
superior to single-agent setups.

SoM Agent. The SoM Agent integrates the SoM annota-
tion to achieve precise element localization on web pages.
Interactive elements are annotated with color-coded borders
(e.g., M1, M2, M3), where each mark uniquely represents a
specific element type. To locate a target element, the system
generates a screenshot containing all marks and leverages a
dedicated SoM analysis prompt to guide the LLM in iden-
tifying the corresponding mark ID, establishing a complete
mapping from textual description to visual mark to exact
coordinates.

Agent S 2.5. Agent S 2.5 implements a reflective
multimodal reasoning system. Its four-layer architec-
ture comprises LMMAgent (multi-modal language model
agent), WebACI (browser interface), Worker (execu-
tion agent with procedural memory and reflection), and
ProceduralMemory (structured task guidance). The
core ability lies in the reflection mechanism, where an inde-
pendent module analyzes execution trajectories, identifies
issues, and provides improvement suggestions. Multimodal
input processing enables simultaneous analysis of screen-
shots and text, facilitating more accurate page understand-
ing and element localization.

F. Metrics Formula
F.1. Document Understanding Task Metrics
F1 Score. For a predicted answer span P and a ground-
truth span G, precision and recall are defined as

Precision =
|P ∩G|
|P |

, Recall =
|P ∩G|
|G|

. (1)

The F1 score is their harmonic mean:

F1 =
2 · Precision · Recall
Precision + Recall

. (2)

ROUGE-L. ROUGE-L measures the longest common
subsequence (LCS) between P and G:

ROUGE-L =
(1 + β2) · RLCS · PLCS

RLCS + β2 · PLCS
, (3)

where

RLCS =
LCS(P,G)

|G|
, PLCS =

LCS(P,G)

|P |
.



Capability Single-Agent Multi-Agent SoM Agent Agent S 2.5

Architecture & Knowledge
Knowledge Retrieval ✓ ✓ × ×
Memory Management ✓ ✓ △ ✓

Interaction & Web Automation
Web Automation × × ✓ ✓
Visual Marking × × ✓ ✓
Multimodal Processing ✓ ✓ ✓ ✓

Reasoning & Evaluation
Task Planning △ ✓ ✓ ✓
Error Handling △ ✓ ✓ ✓
Reflection × × × ✓

Execution & Performance
Concurrency × △ × ×
Token Monitoring ✓ ✓ ✓ ✓

Table 7. Capability Comparison of the Four Agents in the GRAPH2EVAL Framework. ✓ indicates a fully supported capability,△ indicates
partial support, and × indicates that the capability is not supported.

Here, β is a weighting parameter that balances the impor-
tance of recall versus precision. Following common prac-
tice, we set β = 1 to weigh precision and recall equally.

LLM-as-a-Judge. LLM is prompted to evaluate the pre-
dicted answer P against the ground-truth G and task in-
struction along multiple dimensions, including quality, rel-
evance, and completeness. The scores are normalized to
[0, 1], and can be aggregated into an overall similarity judg-
ment, with higher values indicating stronger semantic align-
ment. The instruction used to guide the LLM in this evalu-
ation are provided below.

LLM Instructions for Evaluating Document Un-
derstanding Tasks

You are an expert evaluator assessing the quality of
an AI-generated answer. Please evaluate the follow-
ing:
TASK: {task.prompt}
GOLD STANDARD ANSWER: {gold answer}
GENERATED ANSWER: {pred answer}
Rate the generated answer on these 3 key dimen-
sions (0.0 to 1.0):
1. ANSWER QUALITY: Overall quality and accu-
racy of the answer compared to the gold standard
2. RELEVANCE: How well the answer addresses
the specific task/question
3. COMPLETENESS: How complete and compre-
hensive the answer is

Provide your assessment in JSON format:

{
"answer_quality": <score>,
"relevance": <score>,
"completeness": <score>

}

Be objective and focus on the most important as-
pects of answer quality.

F.2. Web Task Metrics
Success Rate (SR). We evaluate web interaction tasks
using Success Rate (SR), defined as the fraction of tasks
judged successful by an LLM evaluator:

SR =
Nsuccess

Ntotal
, (4)

where Nsuccess is the number of tasks determined to be suc-
cessfully completed by LLMs, and Ntotal is the total number
of tasks. The use of LLMs for evaluation is motivated by the
fact that web interaction tasks are executed in live, dynamic
online environments, where the complexity and variability
of web pages render rule-based evaluation (e.g., checking
system states or explicit signals) unreliable. To address this
challenge, we employ LLMs to determine task success by
analyzing the sequence of executed actions, the final page
state, and any encountered error messages. By leveraging
the LLM’s ability to interpret online content and reason
about task goals, this approach provides a consistent, scal-
able, and generalizable measure of task completion. The



instructions used to guide the LLM in evaluating task suc-
cess are provided below.

F.3. LLM Evaluator Reliability
Using LLMs as evaluators to assess task success rate in dy-
namic Web environments offers high scalability but may
raise reliability concerns. To validate the reliability of
LLM-as-a-Judge on web interaction tasks, We randomly
sampled 50 task trajectories completed by Agent S 2.5 from
317 web interaction tasks. Two human annotators inde-
pendently judged whether each trajectory successfully com-
pleted the task (“success” or “failure”), with agreement in-
dicating success. The results show that 88% of the judg-
ments matched those of GPT-4o, demonstrating high con-
sistency.

G. GRAPH2EVAL-BENCH Overview
Table 8 and Figure 4 summarize the data sources of the
GRAPH2EVAL-BENCH, the number of tasks generated
from each source, and the distribution across task types.
In total, the GRAPH2EVAL-BENCH comprises 1,319 tasks
and consists of two primary components: document under-
standing datasets and web interaction datasets. The doc-
ument understanding datasets cover a wide range of task
types, including reasoning, analysis, and aggregation, and
enable diverse evaluations across multiple modalities. To
mitigate potential risks to live websites, the web interaction
datasets focus on navigation and interaction tasks, spanning
various domains such as digital libraries, weather services,
and news portals.

H. Case Study
We illustrate in Figure 5 the overall workflow of Agent S in
performing a web interaction task. The figure presents both
the task specification and the agent settings. Given page
screenshots and DOM representations, Agent S 2.5 lever-
ages its memory and reflection mechanisms to reason about
the current state, determine the next action, and execute it
accordingly. The final outcome of the task is subsequently
validated by another LLM, ensuring the reliability of the
result. During this process, GRAPH2EVAL continuously
monitors and records key performance indicators, includ-
ing execution time and token consumption, which provide
quantitative insights into the efficiency and cost of the agent.
This case not only demonstrates how Agent S operates in a
realistic web environment but also highlights the effective-
ness of combining reasoning, memory, and external valida-
tion for reliable web-based task execution.

I. Safety Task Generation
We investigate the generation of safety-focused tasks with
the aim of improving the evaluation of agents’ safety

boundaries. Building on the overall GRAPH2EVAL frame-
work, we develop an initial pipeline for synthesizing safety
tasks. For text-understanding benchmarks, we derive
safety-oriented instances from existing tasks so as to pre-
serve task naturalness while minimally perturbing inputs,
thereby amplifying the ability to detect latent model risks.

Safety Task Generation for Document Understanding.
The generation pipeline is organized into three stages:
(1) Policy-document parsing and threat extraction:
Given policy or security documents as input, LLMs are used
to automatically extract candidate threat types and convert
them into structured representations (e.g., threat category,
examples, keywords, and severity) for downstream use.
(2) Threat-embedding strategy exploration: We explore
multiple embedding strategies—content injection, prompt
manipulation, context switching, and indirect reference—
to integrate threat information into original texts in natu-
ral, covert, or semantically implicit forms. This enables as-
sessment of models’ ability to recognize and defend against
explicit and implicit threats under different surface realiza-
tions. (3) Safety-instance creation and preliminary qual-
ity control: For each embedding strategy, we generate task
instances and log metadata (task ID, difficulty level, prompt
and reference answer, requisite reasoning traces, and eval-
uation criteria). We further perform an initial quality as-
sessment of clarity, relevance, difficulty, and completeness,
retaining only samples that meet preset thresholds to ensure
test reliability.

Safety Task Generation for Web Interactions. For web
interaction tasks, we primarily explore threat modeling in
web environments. Because directly embedding threats into
live online environments would create unacceptable real-
world risks, we adopt a controlled sandbox approach: in
isolated Docker environments or controlled browser ses-
sions, we inject malicious environment artifacts via scripts.
(e.g., forged phishing elements, malicious forms, or suspi-
cious redirects) to simulate online threat scenarios safely
and reproducibly. We further augment existing web interac-
tion tasks with safety nudges (e.g., security warnings) and
generate web-oriented safety tasks to evaluate models’ se-
curity judgment in web environments.



LLM Instructions for Evaluating Web Interaction Tasks

Task: {task.prompt if hasattr(task, ’prompt’) else f’Complete task: {task.task id}’}
Execution Summary:
- Actions executed: {len(trajectory.actions executed)}
- Success: {trajectory.success}
- Error message: {trajectory.error message or ’None’}

Current page URL: {page info.get(’url’, ’Unknown’)}
Current page title: {page info.get(’title’, ’Unknown’)}

Actions executed:
{chr(10).join([f”- {action.get(’action’, ’unknown’)}” for action in trajectory.actions executed])}

Please evaluate if the task has been completed successfully by analyzing the current page state. Consider: 1. Whether
all required actions were performed 2. Whether the final state matches the task requirements 3. Whether any errors
occurred that prevent completion 4. Whether the current page content indicates task completion
Respond with valid JSON format (no markdown, no code blocks):

{
"task_completed": true,
"confidence": 0.8,
"reasoning": "explanation of your evaluation",
"missing_actions": ["list of any missing actions"],
"final_state_analysis": "description of current page state"

}



Data Source Tasks Num.

Document Understanding Datasets

Agent AI 64
AgentHarm 65
AI Agent under Threat 50
The Dawn of GUI Agent 68
Data Shapley 63
DeepSeek-R1 58
Speculative Decoding 70
GPT-4o System Card 72
learning dynamic 67
lightRAG 68
Navigating the Risks 47
OpenAI o3 and o4-mini 62
OS Agents 64
Qwen-VL 58
RTBAS 61
TaskCraft 59

Web Interaction Datasets

Mozilla Developer 28
GitHub 17
Project Gutenberg 15
Open Library 78
OpenWeather 16
Stack Overflow 29
The Guardian 87
WIRED 47

Table 8. Task distribution across different data sources in
GRAPH2EVAL-BENCH.
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Figure 4. The number of tasks for each task type in GRAPH2EVAL-
BENCH.



Step 2: image + DoM + memory

Step 3: image + DoM + memory

Search and filter information by following these steps: click 
on the 'CULTURE' element, then click on the article titled 
'how ai is upending politics, tech, the media, and more'.

Task Content

Step 1: image + DoM
FULL PLAN:

(Previous action verification)
The previous action was to click on the 
'CULTURE' element. Based on the new screenshot, 
it appears that the action was successful as the 
page now displays content related to culture.

(Screenshot Analysis)
The current screenshot shows a list of articles 
under the 'CULTURE' section. The article titled 
'how ai is upending politics, tech, the media, 
and more' is visible among the listed articles. 
It seems clickable and is likely the target for 
the next interaction.

(Next Action)
The next step is to click on the article titled 
'how ai is upending politics, tech, the media, 
and more' to access its content.

(Grounded Action)
```python
agent.click("how ai is upending politics, tech, 
the media, and more")
```

REFLECTION: 
**Case 2. The trajectory is going according to 
plan.**

The current trajectory aligns well with the task 
description. You have successfully navigated to 
the 'CULTURE' section and identified the target 
article titled 'how ai is upending politics, 
tech, the media, and more'. Continue proceeding 
as planned.

FULL PLAN:
(Previous action verification)
The previous action was to click on the article 
titled 'how ai is upending politics, tech, the 
media, and more'. Based on the new screenshot, 
it appears that the action was successful as 
the page now displays the content of the 
selected article.

(Screenshot Analysis)
The current screenshot shows the detailed view 
of the article titled 'how ai is upending 
politics, tech, the media, and more'. The 
content of the article is visible, indicating 
that the navigation to the correct article has 
been completed successfully.

(Next Action)
Since the task was to navigate to and select 
the specific article, and this has been 
achieved, the next step is to complete the task.

(Grounded Action)
```python
agent.done()
```

Final Valida9on: image + DoM

FULL PLAN:
(Previous action verification)
There are no previous actions to verify as this is 
the initial state.

(Screenshot Analysis)
The screenshot shows a web page with various 
sections. The 'CULTURE' section is visible and 
appears to be clickable. There are multiple 
articles listed under different categories, but the 
specific article titled 'how ai is upending 
politics, tech, the media, and more' is not 
immediately visible in the current view of the 
screenshot.

(Next Action)
The next step is to click on the 'CULTURE' element 
to navigate to the relevant section where the 
target article might be located.

(Grounded Action)
```python
agent.click("CULTURE")
```

REFLECTION: 
**Case 2. The trajectory is going according to 
plan.**

The current trajectory aligns well with the task 
description. Clicking on the 'CULTURE' element is a 
logical first step, as it will likely lead to the 
section where the target article can be found. 
Continue proceeding as planned.

{
"task_completed": true,
"confidence": 0.9,
"reasoning": "The task was to click on the 
'CULTURE' section and then on the article 
titled 'how ai is upending politics, tech, the 
media, and more'. The execution summary 
indicates that both actions were performed 
successfully, and there were no error 
messages. The final action 'done()' suggests 
that the task was completed as intended. The 
current page URL and title do not provide 
specific information about the article, but 
the absence of errors and the successful 
execution of the specified actions imply that 
the task was completed.",
"missing_actions": [],
"final_state_analysis": "The current page is 
WIRED's homepage, which suggests that the task 
was executed from this starting point. The 
actions indicate navigation to the 'CULTURE' 
section and selection of the specified 
article, which aligns with the task 
requirements."

}

"execution_time": 78.38365197181702, "model_used": "qwen2.5-vl-72b-instruct", "tokens_used": 24564, "confidence": 0.9

Settings
Ø Execution Model: Qwn2.5 VL 72B
Ø Validation Model: GPT 4o
Ø Start Page: h"ps://www.wired.com/

Ø Agent: Agent S 2.5
(Reflection + Memory)

Figure 5. Case study of Agent S performing tasks on the Web dataset.


