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Role-Augmented Intent-Driven Generative Search
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Abstract—Generative Search Engines (GSE), powered by
Large Language Models (LLMs) and Retrieval-Augmented Gen-
eration (RAG), is reshaping information retrieval. While commer-
cial systems (e.g., BingChat, Perplexity.ai) demonstrate impres-
sive semantic synthesis capabilities, their black-box nature fun-
damentally undermines established Search Engine Optimization
(SEO) practices. Content creators face a critical challenge: their
optimization strategies, effective in traditional search engines, are
misaligned with generative retrieval contexts, resulting in dimin-
ished visibility. To bridge this gap, we propose a Role-Augmented
Intent-Driven Generative Search Engine Optimization (G-SEO)
method, providing a structured optimization pathway tailored
for GSE scenarios. Our method models search intent through
reflective refinement across diverse informational roles, enabling
targeted content enhancement. To better evaluate the method
under realistic settings, we address the benchmarking limita-
tions of prior work by: (1) extending the GEO dataset with
diversified query variations reflecting real-world search scenarios
and (2) introducing G-EVAL 2.0, a 6-level LLM-augmented
evaluation rubric for fine-grained human-aligned assessment.
Experimental results demonstrate that search intent serves as
an effective signal for guiding content optimization, yielding
significant improvements over single-aspect baseline approaches
in both subjective impressions and objective content visibility
within GSE responses.1

Index Terms—Generative Search Engine Optimization, Prompt
Engineering, Large Language Model, Natural Language Process-
ing.

I. INTRODUCTION

Generative Search Engines (GSE), such as ChatGPT and
Perplexity.ai, are rapidly transforming how users access and
interact with information. By integrating Large Language
Models (LLMs) with Retrieval-Augmented Generation (RAG)
techniques, GSE inherit the precise retrieval capabilities of
traditional search engines while introducing advanced se-
mantic understanding and natural language generation. This
allows them to selectively synthesize multi-source information
and deliver context-aware, comprehensive responses to user
queries.

However, this emerging paradigm introduces unprecedented
challenges for content creators, such as bloggers, journalists,
and web developers, whose work is increasingly surfaced
through GSE. Operating as black boxes, GSE offer little
transparency into how content is selected, aggregated, and
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surfaced. Consequently, creators struggle to understand how
their content is interpreted, ranked, and either included or
excluded from generated outputs. This opacity significantly
hinders their ability to improve content visibility, often result-
ing in high-quality content being misrepresented, ignored, or
even underutilized.

While some existing studies have attempted to enhance
visibility through content rewriting or search engine optimiza-
tion (SEO) techniques, these methods generally overlook the
unique semantic generation logic of GSE. Traditional SEO
strategies focus on surface-level signals such as keyword
matching [9] and hyperlink structures [12], lacking the seman-
tic granularity required to influence LLM-driven generation.
Similarly, some rewriting models that rely on supervised fine-
tuning tend to target task-specific improvements and struggle
to generalize across diverse user queries. [20], [24] Notably,
both approaches fail to directly optimize for content visibility
within GSE contexts. Prompt injection methods [11], [18] have
emerged to steer GSE toward specific content, but they typi-
cally fall short of improving the structural or semantic quality
of the source content and often lack robustness. GEO [1] offers
a promising direction by introducing rewriting strategies to
enhance content presentation, yet it remains limited in han-
dling diverse search intents and lacks a systematic optimization
framework. To address these limitations, we propose Role-
Augmented Intent-Driven Generative Search Engine Optimiza-
tion (RAID G-SEO), an intent-aware optimization framework
tailored for the GSE black-box setting. Our method explicitly
models user latent search intents and introduces a four-stage
structured pipeline comprising content summarization, intent
inference and refinement, step planning, and content rewriting.
To align content more closely with user needs, we incorporate
a multi-role deep reflection mechanism that enables content
creators to infer and refine likely search intents from their
own authorial perspective, providing semantically coherent
and actionable guidance for optimization. Furthermore, we
extend the existing GEO benchmark with a diverse set of user
queries to better simulate real-world GSE interactions. We
also introduce G-EVAL 2.0, a multi-dimensional evaluation
protocol enabling fairer and more granular assessments of
content visibility in GSE outputs.

Our contributions are summarized as follows:
• We formalize the GSE black-box setting with unknown

user queries and introduce RAID G-SEO, the first struc-
tured intent-aware optimization framework, which signif-
icantly boosts content visibility across diverse queries.

• We design a deep reflection mechanism grounded in the
4W principle and multiple role perspectives, enabling
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Fig. 1. Overview of Generative Search Engine (GSE) workflow. Upon receiving a user query, the system retrieves a set of relevant documents and feeds
them into the large language model (LLM) to generate a synthesized response with source-level citations. Optimized content may increase its likelihood of
being cited in the final response. Notably, in the black-box setting assumed in this work, the query is not visible to content creators.

creator-centric semantic intent refinement.
• We extend the GEO benchmark and propose G-EVAL

2.0, enabling more granular and consistent subjective
evaluations across diverse retrieval scenarios.

II. RELATED WORK

A. Traditional Search Engine Optimization Techniques

Search Engine Optimization (SEO) has long served as a
cornerstone for improving content visibility in traditional web
search [2], [21]. It typically relies on both on-page and off-
page factors, including web link structures [12], page render-
ing strategies [10], and keyword placement [9], to improve
rankings on Search Engine Results Pages (SERPs). Recent
advances in LLMs have enabled their use in generating SEO-
optimized content, including product descriptions and meta-
data to enhance visibility [4], [19]. However, these approaches
are highly dependent on observable signals (e.g., keyword
relevance or link authority) , which become less effective in
GSE contexts, where the content selection process is driven
by semantic alignment and system-level preferences.

B. Content Optimization

Beyond traditional SEO, content rewriting has become a
prominent direction in optimization, particularly in the era
of LLMs. Several studies have leveraged instruction-tuned
LLMs to generate fluent and semantically faithful rewrites,
guided by diverse editing instructions [13], [24]. Other work
[5], [14], [20] incorporates implicit knowledge into prompts
to steer generation toward personalization or task-specific

objectives. However, these methods prioritize linguistic quality
and personalization, they do not directly tackle visibility in
GSE. GEO [1] is the first systematic effort targeting this
problem, introducing GEO-BENCH, the first benchmark tai-
lored for GSE scenarios, along with rule-based strategies that
target semantic prominence. Despite its initial success, GEO is
constrained by static rewrite patterns which lack adaptability to
diverse query intents. Meanwhile, a line of work [3], [6], [11],
[18], [22] explores prompt injection strategies to manipulate
GSE responses, but these methods might compromise seman-
tic coherence, raising concerns regarding safety and content
integrity.

In contrast to static rewriting or prompt injection, we pro-
pose a multi-stage optimization framework based on explicit
search intent modeling and role-augmented reflective prompt-
ing. Instead of injecting adversarial or misleading prompts,
we decompose search intent into actionable subgoals and
align them with role-specific informational expectations. This
enables targeted content enhancement that preserves semantic
integrity while adaptively enhancing visibility under opaque
and non-deterministic GSE behaviors.

III. METHODOLOGY

A. Blackbox Generative Search Egine Assumption

In real-world deployments, GSE such as Google’s Search
Generative Experience (SGE) and Perplexity.ai typically
adopt LLM-based RAG architectures while remaining largely
opaque to external observers. To contextualize our work, we
describe a typical GSE workflow, as illustrated in Fig.1. Upon
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Fig. 2. Overview of the Role-Augmented Intent-Driven G-SEO method.
The method leverages search intent to guide the optimization process and
further integrates reflection-based modeling from multiple roles to enhance
generalizability to diverse user needs in complex GSE scenarios.

receiving a user query q, the system retrieves a set of relevant
content sources C = Retrieval(q) = {c1, c2, . . . , cN} from
a corpus authored by diverse creators, including bloggers,
journalists, encyclopedists, and government entities. The re-
trieved documents are then passed to an LLM to generate
a natural language response r = generate(C, q) composed
of a sequence of sentences {ls}ms=1. Each sentence ls is
linked to one or more evidence citations referencing sources
Ct ⊆ C, 1 ≤ |Ct| ≤ N .

Our goal is to improve the visibility of a target content
item ci ∈ C within the final response r through content-level
optimization. We adopt the visibility evaluation settings and
metrics proposed in GEO-BENCH and further extend them to
broader scenarios. Crucially, we consider a black-box setting
where the query q is hidden from content creators, posing a
fundamental challenge for G-SEO. To address this, we propose
the RAID-GEO method as illustrated in Fig. 2, an intent-
driven framework that infers the likely user intent from the
creator’s perspective and guides content rewriting accordingly,
thus increasing the likelihood that the content will be selected
or cited in GSE-generated outputs.

B. Intent-Driven Four-Phase Optimization

Given the early-stage nature of G-SEO and the absence
of a well-established paradigm, we draw critical inspiration
from traditional SEO strategies to address this gap. Although
conventional approaches, such as those based on keyword
tuning or webpage structure modifications [10], [17], [19],
are not directly applicable to the semantics-driven generation
process inherent to GSE, their underlying principle remains
valuable: anticipate search intent and tailor content expression
accordingly. Building on this insight, we introduce search
intent as a semantic intermediary that bridges latent user needs
and optimized content. In our framework, search intent is
defined as the underlying informational motivation or objective

implicitly embedded within a user’s query. It serves as the
semantic anchor guiding the trajectory and strategy of content
optimization.

Recent advances in prompt engineering have enabled LLMs
to make significant progress in intent understanding [16], [25],
[26], [31]. To operationalize these advances in the context
of G-SEO, we propose a novel framework: Role-Augmented
Intent-Driven Generative Search Engine Optimization (RAID
G-SEO) which implements a four-stage optimization pipeline
driven by inferred search intent. The core stages are outlined
below:

• Step 1: Content Summarization. We employ an LLM
to conduct a semantically-focused summarization of the
target content, using a constrained summarization prompt
to suppress stylistic redundancy and semantic noise.
This step enables the model to distill the content’s core
informational focus as intended by the creator. As demon-
strated in our ablation study, this summarization substan-
tially improves the effectiveness of the downstream intent
inference process.

• Step 2: Intent Inference and Refinement. We adopt a two-
stage modeling approach to infer search intent. First, the
LLM generates an initial intent representation based on
the original content and its summary. However, this initial
form often reflects the creator’s subjective projection
of user interest, which may not generalize across user
populations. To address this, we introduce a 4W multi-
role deep reflection module, which enhances the initial
intent via structured introspection from multiple user-role
perspectives. Drawing inspiration from sociological deci-
sion frameworks, this module performs role-augmented,
structured reasoning over four axes (Who, What, Why,
How), guiding the model to reanalyze and refine the
search intent toward broader user alignment. Details of
this module are provided in the next section.

• Step 3: Step Planning. To minimize semantic drift during
content rewriting, we prompt the model with the refined
intent and instruct it to generate a sequence of explicit
and interpretable optimization steps. This prompt-based
planning decomposes the semantic intent into actionable
revision strategies, enabling controllability and ensuring
that subsequent edits preserve the intended semantic core.

• Step 4: Content Rewriting. Following the planned steps,
the model conducts intent-aligned rewriting to improve
both semantic alignment and retrieval effectiveness. By
enforcing consistency with the inferred intent and ad-
hering to the step plan, the rewritten content achieves
higher relevance and compatibility with potential user
queries, especially under black-box GSE settings where
query visibility is unavailable.

Our RAID G-SEO framework is specifically designed to
address the query-invisible nature of black-box GSE systems.
By modeling latent user intent as a mediating signal and
optimizing content from the creator’s perspective, our method
provides a principled and structured optimization path. This
approach effectively mitigates semantic misalignment between
content expression and user retrieval motivations, thereby
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TABLE I
OVERVIEW OF CORE PROMPTS USED IN RAID G-SEO

Core Prompts of RAID G-SEO
You will be given a source of web content.

### Your Task
Content Summarization:
Summarize the source clearly and concisely by extracting the key information and main points, avoiding irrelevant details, to make it understandable
for readers who have not seen the original.
Intent Inference:
Carefully analyze the summary and identify the primary search intent.
4W multi-role deep reflection module:
Reflect the intent from multiple role perspectives: - Think about 1-3 roles that are most likely associated with the intent. - Consider the core needs for
each role, given their/its occupational backgrounds and knowledge. - Briefly analyze any potential mismatches between the primary intent and these
role-specific needs. - Based on above insights, summarize a refined intent covering the core needs of all roles. If the original intent is already precise
and sufficient, keep it unchanged.

The output should only include the generalized intent without any additional explanations or analysis.
Step Planning:
Based on the intents, determine the best optimization strategy from multiple angles to increase visibility and user engagement. Prioritize the primary
intent, while using the generalized intent for minor adjustments.
Content Rewriting:
Follow the above optimization steps to optimize the source, ensuring the core meaning and key information of the source remains unchanged.
The output should only include the optimized source without any additional explanations or analysis.

### Input Format
Original Source: {...}
Source Summary: {...}
...

### Output Format
Generalized Intent: [...]
Optimized Source: [...]
...

improving the adaptability and visibility of content across
diverse GSE scenarios.

C. 4W Multi-Role Deep Reflection

To address the heterogeneity of user groups in diverse re-
trieval scenarios, it is essential to enhance the generalizability
of search intent representation, enabling it to cover a broader
spectrum of potential information needs. In the black-box
setting of G-SEO, where creators lack direct access to user
queries, we introduce a LLM-driven reflection mechanism to
expand the semantic boundaries of the initially inferred intent.
Reflection strategies have demonstrated efficacy in improving
LLM performance across a variety of tasks [8], [23], especially
in multi-perspective reflection paradigms [28], [29]. These
studies highlight LLMs’ capacity to simulate diverse cogni-
tive roles and to construct alternative reasoning trajectories.
However, most existing approaches rely on intuition-driven
human-like reflection, lacking formal cognitive structure and
scientific grounding. As such, they fall short in achieving the
dual objective of semantic consistency and expressive breadth,
both of which are essential for robust intent generalization in
complex tasks.

To overcome these limitations, we draw inspiration from
sociological theories of problem framing and decision-making

[27], [30]. Specifically, we tailor this perspective to the G-
SEO context by incorporating WH-analysis principles, which
guide the model in decomposing and refining search intent
from four critical dimensions: Who, What, Why, and How.
In particular, the Who offers a multi-perspective lens, while
intermediate outputs of the What and Why serve as constraints
and guidance signals in the semantic reconstruction process
of the How. This promotes intent representations that are both
aligned and diversified. This forms the foundation of our multi-
role reflective framework, enabling LLMs to reinterpret the
initial intent through augmented user-role reasoning. The 4W
framework operates as follows:

• Who is likely to retrieve this content? To balance gen-
eralization and precision, we prompt the LLM to infer a
set of representative user roles most likely to search for
the content (e.g., technical professionals, general readers,
or decision-makers), based on the initial intent.

• What are their retrieval needs? For each inferred user role,
the model conditions intent generation on their domain
background and knowledge profile, producing candidate
motivations and search goals. By embedding role-specific
constraints, uncontrolled semantic drift is limited to en-
sure higher factual alignment between generated intent
and plausible needs.

• Why does the initial intent misalign with their needs? The
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TABLE II
SAMPLE ORIGINAL QUERIES FROM GEO-BENCH AND THEIR FOUR GPT-4–GENERATED VARIANTS

Original Query Generated Queries
Eastings

1) Applications of eastings in map reading
2) Historical development of eastings and northings in cartography
3) Comparison between eastings/northings and latitude/longitude systems
4) Innovations in digital mapping using eastings

Who sings summer wine with lana del rey
1) History of the song Summer Wine
2) Impact of Lana Del Rey on modern music
3) Other famous duets similar to Summer Wine
4) Barrie-James O’Neill’s musical career after Summer Wine

The most recent technological change to the u.s. economy was
1) What are the implications of the most recent technological change on

the U.S. economy?
2) What industries in the U.S. have been most affected by the recent

technological change?
3) What are the opposing views on the impact of the most recent techno-

logical change on the U.S. economy?
4) What are the potential future trends in technology that could further

impact the U.S. economy?
Schedule a car service appointment for next week

1) How to prepare your car for a service appointment
2) Best practices for maintaining your vehicle between service appointments
3) Comparing dealership service vs. independent auto shops for car main-

tenance
4) The impact of regular car service on vehicle longevity and resale value

Should college education be free for all?
1) What are the potential economic impacts of free college education?
2) How does free college education affect the quality of education?
3) What are the arguments against free college education?
4) What are the latest developments in countries with free college educa-

tion?

model is tasked with identifying semantic gaps between
the original intent and each role-specific need, followed
by an explanation of the misalignment causes. This step
enables targeted and directed generalization, rather than
generic expansion.

• How should the initial intent be generalized? Leveraging
the structured reflection outputs from the prior steps, we
instruct the model via prompt-based reasoning to seman-
tically reconstruct the initial intent. The refined version
preserves the core informational focus while expanding
its scope and adaptability across user contexts.

Importantly, the entire reflection process is fully automated
via prompt-based reasoning, requiring no human annotation
or intervention, which ensures scalability across GSE settings.
Through the 4W multi-role deep reflection module, we derive
intent representations that maintain semantic coherence while
effectively generalizing to diverse retrieval scenarios. The
enhanced intent serves as a robust foundation for downstream
G-SEO optimization, allowing the final content to achieve
higher alignment with latent user queries.

We presents the core prompts used in the RAID G-SEO
framework in Table I, covering two core components: the
intent-driven four-phase framework (including Content Sum-
marization, Intent Inference and Refinement, Step Planning,
and Content Rewriting) and the 4W multi-role deep reflection
module (Who, What, Why, How). All prompts are structurally
organized by functional stage to facilitate understanding of
the model’s reasoning process and ensure reproducibility of

experimental settings.

IV. EXPERIMENTS

A. Experimental Setup

To ensure reproducibility and fairness, full generation con-
figurations (e.g., sampling strategy, temperature, top-p) are
included in Appendix C.

1) Generative Search Engine Simulation: We adopt the
same setting as in GEO [1] to simulate the GSE environment,
assuming a single-turn response generation task. In this setting,
for each query, only five relevant content sources are accessible
for response generation. We employ the open-source GLM-
4-9B-0414 model, which exhibits a lower hallucination rate
as reported in the Hallucination Leaderboard [7], and adopt
answer generation prompts and sampling settings consistent
with the prior work to minimize statistical bias.

2) Dataset: Building upon GEO-BENCH [1], we construct
an extended version to better simulate diverse retrieval sce-
narios. GEO-BENCH is a comprehensive benchmark for eval-
uating G-SEO methods, comprising real-world user queries
collected from production systems such as Bing, Google, and
Perplexity, as well as complex reasoning and debate-oriented
questions, and a subset of synthetic queries generated by
LLMs like GPT-4. To further enhance coverage across varied
information needs, we use GPT-4 to generate four semantically
related variants for each original query. This yields simulated
retrieval samples, each consisting of five related queries and a
corresponding group of five content sources. Each generated
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variant shares only 1–2 keywords with the original query, and
the average cosine similarity between variants and originals
is 0.33, ensuring that generated queries preserve semantic
relevance while maintaining diversity. Detailed generation
prompts are provided in Appendix B. To ensure data quality,
we performed human validation on 20% of the generated
samples. Each sample was independently assessed by two
annotators for relevance and logical consistency using a 1–5
scoring scale (1 = lowest, 5 = highest). All sampled queries
received scores ≥ 3, with a Cohen’s Kappa of 0.62, indicating
high inter-annotator agreement. The evaluation confirms that
the generated data maintain high semantic relevance and logi-
cal consistency. Table II presents a subset of generated samples
to illustrate data quality. For each experiment, we randomly
select 100 samples to evaluate model performance, ensuring
robustness. This design retains the original characteristics
of GEO-bench while introducing variant queries and diverse
content sources to simulate more complex retrieval scenarios,
providing a comprehensive benchmark for G-SEO evaluation.

3) Baselines: For task consistency and fair comparison,
we do not include general text rewriting methods such as
RewriteLM [24] or intent discovery methods such as Auto-
Intent [31] as baselines. These methods are primarily designed
for general text generation or intent prediction tasks, and their
optimization objectives, input-output formats, and evaluation
protocols differ significantly from those of the G-SEO task.
Specifically, G-SEO aims to optimize the visibility and perfor-
mance of content within generative search engines, rather than
generating text itself or predicting user intent. Consequently,
without introducing additional task assumptions or complex
adaptation mechanisms, it is non-trivial to achieve a direct
and fair comparison. To ensure comparability and the validity
of our conclusions, we adopt the nine optimization methods
proposed by GEO [1], which are explicitly designed for the
G-SEO task, as our baseline. Traditional SEO improves the
likelihood that content will be retrieved and cited by inserting
relevant keywords. The distinctive word optimization method
rewrites text using rare or unique lexical items to enhance
content recognizability. Authority-based, fluency-based, and
simplification-based optimization methods enhance textual ex-
pression in term of credibility, readability, and fluency. Beyond
these, terminology-based, reputation-based, quotation-based,
and statistics-based optimization methods incorporate factual
or semi-factual natural language elements (e.g. specific terms,
references to reputable reports, quotes from influential figures,
and quantitative data) into the content. While these augmenta-
tions are not strictly required to be verifiable, they must remain
contextually plausible and logically coherent. All baseline
methods, along with our proposed intent-driven optimization
method, are implemented using the same model (GLM-4-
9B) and evaluated under identical procedures to ensure a fair
comparison by eliminating model-induced variance.

• Lexical strategies: Traditional SEO and distinctive word
optimization, which enhance visibility through keyword
insertion and rare lexical choices.

• Expression enhancements: Authority-, fluency-, and
simplification-based methods that improve content credi-
bility, clarity, and readability.

• Content enrichment: Terminology-, reputation-,
quotation-, and statistics-based methods that incorporate
factual or semi-factual elements (e.g., domain-specific
terms, reputable sources, quotations, and quantitative
evidence) while remaining contextually plausible.

All baselines and our proposed intent-driven method are
implemented using GLM-4-9B and evaluated under identical
conditions.

4) Evaluation Metrics: We adopt the evaluation metrics
defined in GEO-BENCH [1] to perform objective and subjec-
tive assessments of G-SEO methods by measuring impression-
based improvements before and after content optimization. For
objective evaluation, Position-Adjusted Word Count (PAWC)
is used, which considers both the frequency and relative
positions of cited words by assigning higher weights to those
appearing earlier and cited more frequently in the response.
For subjective evaluation, we follow the Subjective Impression
metric, covering seven dimensions: relevance, fluency, diver-
sity, uniqueness, click-follow likelihood, subjective positional
prominence, and subjective content volume. Although GEO
originally used G-EVAL [15] to simulate human subjective
judgment, its evaluation prompts demonstrate inconsistent
scoring granularity and ambiguous criteria across dimensions,
which may affect the stability of cross-method comparisons.
To improve the consistency and accuracy of the scoring
criteria, we introduce a prompt-generate-prompt strategy to
formalize the scoring rubric. For each dimension, we define a
0–5 scale, where 0 indicates the target citation is completely
omitted from the response, and 5 denotes optimal performance
with respect to the evaluated criterion. This refinement focuses
solely on unifying and clarifying the scoring scales and strictly
follows the original G-EVAL chain-of-thought–based form-
filling evaluation procedure, whose alignment with human
judgments has been validated in prior work [15]. The evalua-
tion prompts are generated by GPT-4o, and the scoring process
is carried out using GLM-4-9B. The prompt-generation prompt
and dimension-specific template are provided in Appendix
B, and the subjective impression evaluation procedure can
be found in Appendix C, respectively. To quantify relative
improvements, we normalize and smooth the visibility scores.
Specifically, for each cited source Ci, its relative visibility gain
from the original response r to the optimized r′ is computed is
computed as shown in Eq. (1), where impr denotes the specific
objective or subjective impression score of citation Ci. As
this work aims to examine the feasibility and effectiveness of
G-SEO methods in improving content visibility within GSE
scenarios, rather than to derive statistically generalizable con-
clusions, we report results averaged over multiple randomized
runs to mitigate randomness and do not perform additional
statistical significance tests.

improvementCi
=

imprCi
(r′)− imprCi

(r)

imprCi
(r) + 1

× 10 (1)

Details regarding the evaluation procedure and implementation
are provided in Appendix E.

B. Results and Analysis
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TABLE III
OBJECTIVE AND SUBJECTIVE PERFORMANCES OF G-SEO METHODS ON THE EXPANDED GEO-BENCH

Method
Objective Impression(PAWC) Subjective Impression

Word Count Posi. Count Over. Rele. Infl. Uniq. Dive. Clic. Sub.Posi. Sub.Volu. Aver.
Tran. SEO 1.27 0.26 0.77 2.06 1.99 6.73 2.56 0.88 1.68 4.12 2.06
Uniq. Word -10.40 -10.32 -10.77 -6.28 -3.05 -7.87 -3.40 -7.66 -4.40 -5.23 -6.02
Simp. Expr. -8.78 -9.62 -9.52 -0.68 -0.34 6.23 -0.37 -0.72 -1.27 -0.67 -0.66
Auth. Expr. 13.10 13.33 12.86 3.14 2.85 19.36 2.49 5.11 2.75 6.60 4.82
Flue. Expr. 15.80 16.16 16.84 1.37 3.41 17.80 1.35 4.08 1.86 6.45 3.95
Term. Addi. 16.04 15.94 15.51 5.00 4.45 23.36 3.04 7.74 5.47 10.61 7.13
Repu. Addi. 14.47 14.68 14.90 5.89 3.83 14.68 2.12 6.64 3.26 6.39 5.04
Quot. Addi. 24.70 27.03 26.20 6.38 5.31 24.77 4.07 10.07 7.16 10.24 8.23
Stat. Addi. 22.53 23.09 23.17 4.72 2.90 29.04 0.63 7.35 3.25 8.21 6.33

RAID G-SEO 15.05 16.94 15.79 9.25 8.80 39.71 7.51 14.63 10.46 16.28 13.27

1) Main Result: We conducted a comprehensive evaluation
of RAID G-SEO against nine representative optimization
baselines from GEO [1], with the results summarized in Table.
III. The best-performing method for each metric is in bold
and the second isunderlined. As both Objective impression
Improvement and Subjective Impression Improvement con-
sist of multiple sub-metrics, we report the overall score of
the former and the average score of the latter as the main
comparative indicators, following the original GEO-BENCH
evaluation protocol to ensure fair and consistent comparison
across methods. From an overall perspective, RAID G-SEO
demonstrates consistently strong performance, substantially
outperforming the average of all competing methods. In par-
ticular, it achieves improvement scores of 15.79 on Objective
Impression Improvement Overall and 13.27 on Subjective
Impression Improvement Average, corresponding to relative
gains of 57.98% and 286.91% over the baseline average,
respectively. These results indicate that RAID G-SEO is highly
effective in enhancing both overall content visibility and
user-perceived quality in generative search scenarios, with
especially pronounced advantages on subjective impression
metrics that capture user attractiveness. A closer examination
of subjective evaluation results further reveals that RAID G-
SEO achieves comprehensive superiority in Subjective Impres-
sion Improvement, attaining an average improvement score of
13.27, which exceeds the second-best method by 61.35%. In
the fine-grained analysis across individual subjective dimen-
sions, RAID G-SEO consistently outperforms all baselines
on every dimension. The smallest relative gain is observed
on the uniqueness dimension, where RAID G-SEO surpasses
the second-best method by at least 36.75%, while the largest
gain appears on the diversity dimension, with an improvement
margin of 84.63%. These results suggest that RAID G-SEO
is particularly effective at enhancing the distinctiveness and
discriminability of content sources within generated responses.
It is worth noting that, on Objective Impression Improvement,
RAID G-SEO underperforms quotation-based and statistics-
based optimization methods that rely heavily on explicit cita-
tion signals or statistical features. In contrast, on the subjective
positional prominence and subjective content volume metrics
which also assess the position and proportion of content
within responses from a subjective perspective, RAID G-SEO

exhibits the opposite trend and achieves substantially larger
improvements. We attribute this discrepancy to fundamental
differences between GSE and traditional search engine taht the
former emphasize holistic semantic expression and subjective
information delivery rather than directly leveraging explicit
citation cues. By comparison, traditional keyword-based SEO
methods achieve only marginal improvements of 0.08 and 0.21
on objective and subjective metrics respectively, performming
significantly worse than other optimization strategies under
the current evaluation setting. This observation suggests that,
due to mismatches in optimization objectives and application
scenarios, conventional SEO techniques do not readily transfer
to GSE-oriented optimization tasks. While our findings are
broadly consistent with those reported in GEO [1] where
quotation-based and statistics-based optimization methods ex-
hibit strong overall competitiveness, particularly on objective
metrics, we also observe notable differences in the relative
performance ordering across methods. We conjecture that this
coexistence of consistency and divergence may reflect intrinsic
preferences of the underlying GSE foundation models in
content selection and organization, offering potential insights
for future research on knowledge injection and value alignment
in LLM.

2) Adaptability Analysis: To evaluate the adaptability of
different optimization methods across diverse GSE retrieval
scenarios, we conducted a statistical analysis over 500 op-
timization task samples. Specifically, we selected Objective
Impression Improvement Overall and Subjective Impression
Improvement Average as core metrics. Each positive im-
provement on these metrics was treated as an effective op-
timization, allowing us to quantify the overall effectiveness
of each method in complex GSE environments in terms of
both the number and proportion of effective optimizations,
as illustrated in Fig. 3 (a). The results show that RAID G-
SEO achieves an average of 288 effective optimizations across
both objective and subjective metrics, corresponding to an
average effective optimization rate of 57.6%, which is 1.0
percentage point higher than the second-best terminology-
based optimization method (56.6%). Although the absolute
improvement is relatively modest, RAID G-SEO maintains
consistent superiority across large-scale and diverse retrieval
tasks, indicating stronger generalization capability and op-
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TABLE IV
ABLATION RESULTS OF RAID G-SEO ON THE EXPANDED GEO-BENCH

Method
Objective Impression(PAWC) Subjective Impression

Word Count Posi. Count Over. Rele. Infl. Uniq. Dive. Clic. Sub.Posi. Sub.Volu. Aver.
Simple G-SEO (w/o Step) 6.52 9.00 7.97 4.68 3.64 21.87 4.93 7.84 3.72 8.84 6.51
Simple G-SEO (/w Step) 14.85 16.05 15.81 8.12 6.72 34.16 6.55 14.17 8.63 13.23 11.29
ID G-SEO (w/o Summ.) 14.33 17.54 16.69 7.61 6.81 35.24 5.44 14.96 8.96 13.15 11.29
ID G-SEO (w/ Summ.) 18.93 20.78 19.51 9.08 9.19 38.86 7.22 15.36 9.96 14.66 12.95

RAID G-SEO 15.05 16.94 15.79 9.25 8.80 39.71 7.51 14.63 10.46 16.28 13.27

Fig. 3. Adaptability of G-SEO methods across diverse GSE retrieval sce-
narios. We evaluate each method’s adaptability by counting the number of
optimized content instances that yield observable improvements in subjective
and objective visibility across multiple retrieval tasks. This reflects the
generalization capacity and real-world utility of each approach. Figure (a)
shows a comparison between RAID G-SEO and other baselines, and figure
(b) presents part of the ablation analysis.

timization consistency in different GSE scenarios. Further
examination across objective and subjective dimensions re-
veals that, while RAID G-SEO attains the highest average
effective optimization count on Subjective Impression (298),
its performance on Objective Impression remains at a moderate
level. This pattern is consistent with the main result findings
and reflects the inherent differences in user-perceived visibility
between GSE responses and traditional search engine results.
It is also noteworthy that under the current evaluation setting,
the average effective optimization rate of all methods does
not exceed 60%. This observation highlights the substantial
challenge of achieving robust content visibility improvements
in generative retrieval scenarios involving multi-source infor-
mation. At the same time, it underscores the research value and
necessity of investigating G-SEO methods in such complex
settings.

3) Ablation Study: We conduct an ablation study by pro-
gressively introducing different reasoning modules into RAID
G-SEO, aiming to assess the practical contribution of each
component to the optimization task. The detailed results are
reported in Table IV. As the method is incrementally aug-
mented, RAID G-SEO exhibits stable and consistent perfor-
mance improvements across all evaluation metrics, validating
the effectiveness of the proposed intent-driven four-phase opti-
mization framework and its accompanying 4W multi-role deep
reflection mechanism in the G-SEO setting. Through pairwise
comparisons among the ablation variants that are Simple G-
SEO (w/o Step), Simple G-SEO (w/ Step), ID G-SEO (w/o
summ.), ID G-SEO (w/ summ.), we can clearly observe the
performance gains contributed by each stage of the intent-
driven four-phase framework, indicating that all stages make
positive contributions to the overall optimization performance.
Specifically, the content summarization module provides a
more focused semantic perspective for subsequent optimiza-
tion, helping to identify the core aspects of content expression;
the intent inference module explicitly models latent user intent,
offering clear directional guidance for content reconstruction;
and although the step planning module does not directly infer
intent, it is able to implicitly capture cues of user’s underlying
need, enabling the generated optimization steps to better align
with the original content source. After incorporating the 4W
multi-role deep reflection mechanism, the method achieves
further improvements on Subjective Impression metrics, while
exhibiting a certain degree of degradation on Objective Im-
pression. This phenomenon suggests that generalized intent
representation, while enhancing the overall subjective quality
of content expression, may in some cases weaken the precise
alignment between the specific content sources and itself,
thereby affecting objective impression metrics that rely on
explicit citation and positional features. Notably, the variant
ID G-SEO (w/ summ.) without the 4W reflection mechanism
attains the best overall performance when jointly considering
subjective and objective impression improvements, outper-
forming two strong baselines, quotation-based and statistics-
based optimization methods. This result further highlights
the inherent trade-off between intent modeling precision and
generalization capability. In addition, we evaluate the adapt-
ability of different ablation variants in Fig. 4 (b). The re-
sults indicate that the introduced reasoning modules not only
improve single-instance optimization effectiveness but also
contribute to enhanced stability across diverse retrieval tasks.
Of particular interest, compared to ID G-SEO (w/ summ.), the
full RAID G-SEO achieves a noticeably higher effective op-
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Fig. 4. Distribution of optimization step preferences in RAID G-SEO. Each generated optimization step is structurally parsed to identify its corresponding
optimization objective and operational strategy type, followed by semantic clustering. Subfigure (a) shows the distribution across intent-aligned target dimensions
(e.g., enhancing content completeness, improving factual credibility, increasing clarity), indicating where the intent prioritizes refinement. Subfigure (b) presents
the distribution over strategy categories (e.g., content restructuring, elaboration, redundancy reduction), capturing the model’s typical operational behavior
under intent-driven guidance.

Fig. 5. Distribution of RAID G-SEO across multi-role perspectives. We
perform semantic clustering on the user role descriptions generated by the
4W multi-role deep reflection module to characterize the types of cognitive
perspectives involved during intent generalization. The results illustrate the
relative frequency of each role category, reflecting the model’s response
pattern to perspective distribution during optimization.

timization rate on Objective Impression. We hypothesize that
this improvement is associated with the expanded optimization
coverage brought by intent refinement: although abstract intent
representation may reduce precision for individual queries, it
can generalize across a wider range of retrieval scenarios,
thereby exhibiting advantages in terms of overall adaptability.
Overall, this ablation analysis elucidates the specific roles of
different modules in performance improvement and provides
valuable empirical insights for future efforts to further enhance
the precision and robustness of intent modeling in G-SEO.

4) Preference Analysis: Role Perspective Preference Distri-
bution. In the 4W multi-role deep reflection module of RAID
G-SEO, we generate diverse user role perspectives based
on the content creator’s preliminary assumptions about user

search intents, leveraging prompt-based LLM. The result is
shown in Fig. 5. A total of 8,030 role instances spanning 219
distinct role types were collected and subjected to semantic
clustering, with the distribution visualized in Figure 4. The
analysis reveals that RAID G-SEO predominantly favors two
cognitive perspectives: Knowledge Producers and Researchers
(e.g., Educator, Policy Maker) and Civic Everyday Actors
(e.g., Home Cook, DIY Hobbyist) dominate the distribution,
which together account for over two-thirds of the role in-
stances. In contrast, Health and Care Stakeholders and Cultural
and Creative Professionals represent only 6% and 3% of the
total, respectively, often corresponding to more specialized
or context-dependent viewpoints, while Economic Activity
Participants fall in the mid-range. This distribution suggests
a tendency of the model to prioritize generalizable, publicly
oriented perspectives during intent generalization, rather than
narrowly specialized or context-restricted perspectives. We
hypothesize that such roles are more effective in guiding
generative models to emphasize interpretability, abstraction,
and cross-context transferability, thereby yielding more robust
intent representations across diverse query scenarios. Overall,
these findings empirically support the effectiveness of role-
based modeling in intent generalization and provide evidence
for the design rationality of the 4W multi-role deep reflection
mechanism in generative retrieval optimization tasks.

Optimization Steps Preference Distribution. To analyze how
search intent informs downstream optimization behaviors, we
perform structured semantic parsing of all optimization steps
generated during the Step Planning phase of RAID G-SEO.
These steps are clustered according to their corresponding
optimization objectives and operational types, with the results
illustrated in Fig. 4. The results indicate that over 80% of the
optimization steps explicitly target content quality enhance-
ment, covering objectives such as improving completeness
and clarity. This indicates that RAID G-SEO is able to effec-
tively translate retrieval intent into quality-oriented optimiza-
tion guidance at the planning stage. In terms of operational
strategies, Content Enrichment and Expansion accounts for
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Fig. 6. Success and failure case analysis of RAID G-SEO. Based on the improvement scores in subjective and objective impression, we select one representative
successful case and one failed case, and compare the sources and their presentations in the generated responses before and after optimization, providing a
qualitative analysis of RAID G-SEO’s optimization behavior under different scenarios. The bold citation in the responses represent the source to optimization.

more than 30% of all actions, suggesting that the model, un-
der intent-aware constraints, preferentially adopts information
augmentation and semantic expansion to better support the
requirements of generative retrieval. Overall, RAID G-SEO
exhibits a hybrid planning paradigm in the Step Planning stage
that jointly covers multiple optimization objectives, rather
than relying on a single optimization strategy. These findings
further validate the effectiveness of intent-driven planning
mechanisms for G-SEO tasks.

5) Case Analysis: To further elucidate the practical working
mechanisms of RAID G-SEO, we conduct a case study by

selecting one successful and one failed optimization exam-
ple based on improvements in both subjective and objective
impression, as illustrated in Fig. 6. In the successful case,
RAID G-SEO performs refinements on the original content
source across linguistic expression, information structure, and
content organization. Specifically, RAID G-SEO transforms
the original encyclopedic and linearly descriptive writing style
into a more engaging and descriptive narrative form. Key in-
formation, such as head-first cues, is deliberately front-loaded
into the introductory paragraph, which substantially enhances
semantic salience and readability without introducing any new
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factual content. This form of semantics-driven word order
adjustment is rarely observed in traditional SEO practices and
highlights the fundamental distinction between G-SEO and
keyword-centric optimization paradigms. Moreover, RAID G-
SEO reorganizes the content through hierarchical and modu-
lar restructuring, explicitly separating information units such
as introductions and historical background, and emphasizing
critical facts via headings and bold formatting. This allows
the source to be presented to the generative model of GSE
in a more structured manner. Meanwhile, the method applies
moderate content compression by de-emphasizing peripheral
information and highlighting representative facts, thereby in-
creasing information density while preserving completeness
and improving generative retrieval friendliness. These refine-
ments lead to a clear improvement in the expressive quality
of the source, which is further reflected in its visibility within
generated responses. Specifically, the optimized source was
not cited in the original response, whereas after optimization
it not only appears in the generated output but also occupies
a more prominent visual position with increased share. Corre-
spondingly, the Objective Impression Overall score increases
from 0.09 to 0.32, and the Subjective Impression Average
rises from 27.9 to 28.2. In contrast, in the failed optimization
case, RAID G-SEO similarly restructures the content and
explicitly summarizes previously implicit and dispersed infor-
mation. By introducing an overview-style lead paragraph, the
optimized source is designed to better cover diverse retrieval
intents. This process reflects the role of the 4W multi-role
deep reflection module in guiding intent generalization and
enhancing the adaptability of sources across heterogeneous
user scenarios. However, despite improvements in overall
readability and guidance, the visibility of the optimized source
in the generated response does not improve. The source’s po-
sition remains largely unchanged, and it co-supports the same
generated segment alongside other sources, thereby weakening
its perceived individual contribution. As a result, the Objective
Impression Overall score decreases from 0.75 to 0.52, and
the Subjective Impression Average drops from 26.70 to 23.90.
Further analysis suggests that the primary cause of this failure
lies in the high semantic overlap between the optimized source
and other competing sources. Consequently, the generative
model tends to integrate information from multiple sources
during citation, which reduces the distinctiveness of any single
source. Through a comparative examination of both successful
and failed cases, we identify inherent limitations of RAID G-
SEO. While RAID G-SEO demonstrates strong potential in
improving content expressiveness and visibility in generative
retrieval senarios, its effectiveness critically depends on main-
taining a balance between semantic uniqueness of the source
and the degree of intent generalization. Although the multi-role
reflection mechanism enables RAID G-SEO to infer relatively
generalized intents, such intents remain constrained by the
domain boundaries of the source and may fail to fully align
with the query, thereby affecting downstream optimization out-
comes. For instance, in the failed case, the generalized intent
inferred from the source, “Find and share a recipe for a quick,
easy-to-make, customizable, and versatile Lemon Balsamic
Salad Dressing”—remains strongly tied to the recipe context

and exhibits low relevance to nutrition- or medicine-oriented
query, limiting the effectiveness of optimization under the
given query setting. Notably, across both successful and failed
cases, RAID G-SEO consistently applies a combination of
multiple optimization operations rather than a single strategy.
Compared with existing GEO [1] approaches, which typically
rely on a single type of optimization, RAID G-SEO offers
a broader operational space for optimization and provides a
foundation for future exploration of more fine-grained intent
alignment mechanisms.

V. CONCLUSION

This work addresses the task of generative search engine
optimization under diverse retrieval scenarios, and introduces
an intent-generalization-enhanced optimization approach. We
design an intent-driven four-phase optimization framework ,
and incorporate a 4W multi-role deep reflection mechanism
to improve the generalizability of the inferred intent, enabling
creators to perform adaptive and targeted content optimization
even in the absence of explicit user queries. To support more
comprehensive and objective evaluation, we extend GEO-
BENCH to cover a broader range of retrieval scenarios, and
develop G-EVAL 2.0, a fine-grained subjective evaluation
framework for assessing content visibility. Experimental re-
sults demonstrate that intent modeling plays a pivotal role in
G-SEO, with generalized intent representations contributing
significantly to optimization effectiveness. Nevertheless, bal-
ancing the precision and generalizability of intent representa-
tions remains a key open challenge.

VI. LIMITATIONS

While our results demonstrate that incorporating search
intent provides more focused guidance for optimization in G-
SEO tasks, we observe that overly specific intents may lead to
content rewrites that overfit to particular queries, thereby re-
ducing generalizability. This observation underscores a central
challenge in targeted G-SEO: balancing the precision of intent
modeling with the adaptability of optimization strategies. Our
approach relies primarily on prompt engineering for prelim-
inary intent extraction, which remains limited in granularity
control and contextual consistency. Future work may explore
integrating domain-specific knowledge or developing dedi-
cated intent modeling modules to improve the effectiveness
of G-SEO methods. Furthermore, our proposed method, like
most existing G-SEO approaches, focuses solely on plain text
without accounting for visual or multimodal elements such as
images, diagrams, or tables that may influence content visibil-
ity in real-world GSE. Extending G-SEO to Visual-Language
Models (VLMs) for unified multimodal optimization poses an
important avenue for future research.

VII. ETHICAL STATEMENT

We strictly adhere to the ethical standards and best practices
of the AI research community. We employ LLMs in full
compliance with their licensing terms. Our study focuses on
improving content visibility within GSE. All experiments are
conducted in simulated environments without interfering with,
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misleading, or manipulating the behavior of any real-world
systems. To support evaluation, we extend the GEO benchmark
by generating synthetic text data using the LLM and applying
targeted optimizations. All generated or modified content is
intended solely for research and experimentation. The resulting
data does not reflect factual information and should not be
interpreted as expressing any subjective opinions or value
judgments of the authors or the underlying models.
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TABLE V
PROMPT USED FOR QUERY VARIANT GENERATION

Query variants Generation Prompt
You are a user of the Generative Search Engine, seeking to explore a
specific topic. You will be given a query representing what you want to
learn about. Your task is to generate 4 new queries that approach the topic
from different perspectives. Ensure that:
1. Each query is relevant to the original but not a direct repetition.
2. The queries cover a range of perspectives, such as related concepts,
practical applications, contrasting viewpoints, emerging trends, or any
other meaningful dimension. But do not limit to these directions.
3. Output ONLY 1 query per line.

### Input Format
{query original}

### Output Format
query 1
query 2
query 3
query 4

VIII. QUERY VARIANTS GENERATION PROMPT

To simulate diverse retrieval scenarios in real-world GSE
applications, we extended the GEO-BENCH dataset. Specifi-
cally, for each original query in GEO-BENCH, we constructed
four semantically related but lexically and stylistically distinct
variants, each reflecting a different retrieval scenario. Each
variant preserves the core meaning while introducing variation
in wording, tone, or semantic framing. The prompt used to
generate these variants is presented in Table V.

IX. G-EVAL PROMPT GENERATION PROMPT AND
EVALUATION PROMPT TEMPLATE

G-eval is a natural language generation (NLG) evaluation
framework that integrates Chain-of-Thought (CoT) reasoning
with a form-filling paradigm. GEO extended this framework
to the G-SEO context to enable subjective evaluation of
content source attribution in GSE outputs. In this work, we
conduct an in-depth analysis of the G-eval mechanism as
adopted by GEO. While the framework provides reasonably
comprehensive coverage across seven subjective impression
dimensions, we identify three key limitations when applied to
the G-SEO setting: (1) several evaluation criteria are under-
specified, leading to potential inconsistencies in annotator
interpretation; (2) the mapping between scoring levels and
their semantic interpretations is vague, which undermines
the clarity and interpretability of the results; and (3) the
prevalent issue of “unreferenced original content” in GSE
responses is not explicitly addressed, increasing the risk of
misjudging inexistent content as grounded. To address these
limitations, we propose an enhanced evaluation framework,
G-eval 2.0, designed to support more fine-grained, fair, and
reproducible subjective assessment. We standardize structured
rubrics across all seven dimensions and design corresponding
prompts for automatic evaluation logic generation, covering
key aspects such as dimension definition, core scoring el-
ements, and the semantic mapping of score levels, thereby

TABLE VI
STRUCTURED PROMPT FOR GENERATING SCORING RUBRICS ACROSS

SEVEN SUBJECTIVE DIMENSIONS

G-EVAL Prompt Generation Prompt
You are an evaluator for answers generated by the Generative Search
Engine, providing subjective evaluations...

Your tasks:
1. Refine the criteria: Review the given description and improve it to be
concise, consistency, and completeness.
2. Propose an Evaluation Procedure: Based on the refined criteria, outline
a clear, concise, step-by-step process specifically for scoring Source [1]
only. If the source not exsist, score should be 0.
Please ensure your generation is easy to understand.

### Input Format
Example: Relevance of Citation to Query (0-5): The dimension evaluates
the degree to which the citation from Source [1] is related to the query,
indicating how useful and pertinent the information provided to address
the query....

### Output Format
Evaluation Criteria: [...]

Evaluation Steps:
1. Step 1 description...
2. Step 2 description...
...

TABLE VII
UNIFIED EVALUATION PROCEDURE TEMPLATE IN G-EVAL 2.0

Query variants Generation Prompt

You are a user of Generative Search Engine, capable of providing
subjective evaluations of retrieved answers... Please read and understand
these instructions carefully, and then proceed with your scoring (score
ONLY).

### Evaluation Criteria
[Evaluation Criteria]: [...]

### Evaluation Steps
[...]

### Input Format
Query: {query}
Answer: {answer}

### Output Format (score ONLY)
[score]

ensuring consistency, executability, and interpretability across
all dimensions, as is shown in Table VI. Additionally, we
develop a unified evaluation procedure template applicable
across dimensions as shown in Table VII, integrating the
CoT reasoning paradigm. The template standardizes the full
evaluation process, from content interpretation and key scoring
element extraction to structured scoring. To maintain focus
on the core evaluation methodology, task-specific background
information is omitted in this appendix section.
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TABLE VIII
CORE CONFIGURATIONS OF LLMS USED IN OUR WORK.

Model Temperature Top p Max token Application

GPT-4 0.5 1 1024 Query Variants Generation
GPT-4o 0.5 1 3192 G-eval 2.0 Prompt Generation

GLM-4-9B-0414
0.5 1 1024 GSE Response Generation Simulation

do sample=False 1 3192 G-SEO Methods Implementation
do sample=False 1 2 G-eval 2.0 Subjective Impression Evaluation

X. EXPERIMENT DETAILS

A. Software and Hardware Environment

All experiments in this work were conducted on a server
equipped with two NVIDIA GeForce RTX 3090 GPUs (24GB
VRAM each), running Ubuntu 20.04. The core software
stack includes Python 3.9.19, PyTorch 2.1.0 with CUDA 11.8
support, and Transformers 4.35.3. All model loading and infer-
ence were carried out using the Hugging Face Transformers
interface, and environment dependencies were managed via
Conda. Unless otherwise specified, all experiments were run
with a fixed random seed (seed = 42) to ensure reproducibility.

B. Configuration Parameters of LLMs

To support reproducibility and transparency, Table VIII
summarizes the key configuration parameters of LLMs used at
different stages of our work, including model name, tempera-
ture, top-p, maximum tokens, and the specific usage scenario
for each configuration.

C. Subjective Impression Evaluation Procedure for G-SEO
Mehtods

To more accurately assess the effectiveness of the G-SEO
methods in enhancing the subjective impression of target
content under diverse retrieval scenarios in GSE, we designed
the evaluation procedure illustrated in 7. We randomly sampled
100 diverse-retrieval examples from the GEO-BENCH dataset
(seed = 42). Each sample consists of one original query
and four paraphrased variants that preserve the core semantic
focus, resulting in five queries per sample. For each query, we
generated responses from five content sources both before and
after optimization. The subjective impression scoring mecha-
nism was then applied to assess the visibility of each source
within each response. We first averaged the scores of the five
responses under each query to obtain a query-level score. Next,
we averaged the five query-level scores within each sample to
obtain a sample-level evaluation. Finally, we averaged across
all 100 samples to derive the overall effectiveness score for
the optimization method.
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Fig. 7. Evaluation process for optimization methods. For each query, responses are generated from five content sources before and after optimization. By
comparing the relative impression scores of each source in the responses, we assess the effectiveness of G-SEO methods in enhancing content visibility. Each
diverse-retrieval sample includes one original query and four paraphrased variants. For each query, five responses are generated, evaluated, and averaged to
obtain the query-level result. Overall performance is obtained by averaging the query-level results across all five queries.


