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Abstract001

Generative Search Engines (GSEs) have re-002
shaped information retrieval, and Generative003
Engine Optimization (GEO) emerges to im-004
prove the content visibility in GSEs’ responses.005
Previous methods mainly rely on empirical006
strategies or query-dependent preferences of007
GSEs for content optimization. However, they008
remain limited in effectiveness as they over-009
look the latent user search demands in queries010
that drive content retrieval and response gen-011
eration of GSEs. To address this, we propose012
Mind Reader, a novel GEO method to effec-013
tively improve the content visibility within the014
generated responses of GSEs through content015
optimization guided by the extracted latent de-016
mands of user search. Specifically, we propose017
a decomposition-recombination query augmen-018
tation module, which enriches the query with019
latent semantic information by decomposing it020
into diverse perspectives, capturing underlying021
semantic information, and recombining them022
into variants to support subsequent optimiza-023
tion. Then, we propose a reasoning coverage024
content optimization module. By optimizing025
content to cover critical reasoning information026
of GSEs, we align the content with the user027
search demands, effectively improving the con-028
tent visibility. Extensive experiments on widely029
used GEO-Bench and our proposed PC-GEO030
show that our method significantly outperforms031
baselines and effectively improves content visi-032
bility (with up to 2.44× objective metrics and033
1.23× subjective metrics on average).034

1 Introduction035

Generative Search Engines (GSEs) (Sharma et al.,036

2024; Krasovitskiy et al., 2025), such as BingChat1,037

Google’s SGE2, and perplexity.ai3, have trans-038

formed information retrieval by leveraging Large039

Language Models (LLMs) to understand user040

1https://chat.bing.com
2https://labs.google.com/search/
3https://www.perplexity.ai
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Figure 1: (a) Existing query-aware GEO methods (e.g.,
(Wu et al., 2025)) vs. (b) our Mind Reader. Mind
Reader aims to improve content visibility in the gener-
ated responses of GSEs through content optimization
guided by the extracted latent user search demands.

search demands and directly generate relevant re- 041

sponses. Benefiting from their provided more ef- 042

ficient and user-friendly search experience, they 043

have been rapidly applied in various everyday sce- 044

narios, e.g., daily search (Metzler et al., 2021; Li 045

et al., 2024) and shopping guides (Amazon, 2023; 046

Tang et al., 2025a). Although greatly enhancing 047

retrieval efficiency for users, they introduce non- 048

trivial challenges for content creators. Unlike tra- 049

ditional search engines, GSEs shift the user ex- 050

perience from link retrieval to answer synthesis, 051

making it harder for creators to understand how 052

and whether their content is incorporated into gen- 053

erated responses. As a result, a large amount of 054

content is overlooked or misrepresented by GSEs 055

and drowned out in the information space, making 056

the improvement of content visibility for GSEs a 057

pressing concern for creators. 058

To tackle the above challenges, several pioneer- 059

ing studies have explored Generative Engine Opti- 060

mization (GEO). Specifically, query-agnostic GEO 061

methods typically rely on empirical or generally 062

heuristic strategies to optimize content. Despite 063

showing some progress, their effectiveness is lim- 064

ited since they optimize content without tailoring it 065

to user queries. More recently, query-aware GEO 066

methods have emerged that further improve the 067
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content visibility by aligning the content with the068

query-dependent preferences of GSEs.069

Although query-aware GEO methods achieve070

some improvements, as shown in Figure 1, they071

focus on aligning content with explicit query to-072

kens, rather than modeling the underlying user de-073

mand or task-level information needs in queries.074

Such demands are explicitly considered by GSEs075

during content retrieval and response generation076

(Chen et al., 2025a), and overlooking them results077

in unsatisfactory performance of existing methods.078

Specifically, we identify two key sources of this079

oversight: ❶ User queries are typically short and080

underspecified, yet implicitly encode rich latent081

semantic information that reflects underlying user082

search demands (Jansen et al., 2000; Chen et al.,083

2012), which is crucial for GSEs’ query under-084

standing and response generation. However, exist-085

ing GEO methods primarily rely on these explicit086

and limited query texts, leaving the latent semantic087

information largely unexploited, thus significantly088

limiting their effectiveness. ❷ GSEs typically infer089

user search demands through multi-step reasoning090

and generate responses to satisfy these demands091

(Wei et al., 2022). Nevertheless, existing methods092

overlook such reasoning information, preventing093

the optimized content from aligning with the in-094

ferred user search demands and consequently re-095

sulting in suboptimal optimization outcomes.096

To this end, we propose a novel GEO method,097

namely Mind Reader, to effectively improve the098

content visibility within the generated responses099

of GSEs through content optimization guided100

by the extracted latent demands of user search.101

Specifically, to enrich queries with their im-102

plicitly encoded latent semantics, we propose a103

Decomposition-Recombination Query Augmenta-104

tion (DRQA) module that decomposes each query105

into diverse semantic perspectives, captures under-106

lying semantic information, and recombines them107

to generate augmented queries. To achieve this, we108

first construct an entity graph for each input query,109

perform weighted random walks to extract diverse110

sub-graphs in a fine-grained manner, and carefully111

design prompts to infer their corresponding latent112

intents and linguistic styles. Consequently, we can113

effectively generate diverse query variants that ex-114

plicitly expose underlying user search demands,115

making the demand information more accessible116

and thereby facilitating more effective subsequent117

content optimization. Then, we propose a Rea-118

soning Coverage Content Optimization (RCCO)119

module to optimize content toward covering criti- 120

cal reasoning information. Specifically, we adopt 121

Reinforcement Learning (RL) (Christiano et al., 122

2017; Ouyang et al., 2022) to update the optimiza- 123

tion model and introduce a reasoning-coverage re- 124

ward into the RL objective. By encouraging the 125

optimized content to cover both query-specific per- 126

sonalized reasoning information and cross-query 127

shared reasoning information distilled across the 128

corresponding augmented query set, we align the 129

content with user search demands in a comprehen- 130

sive and stable manner. Consequently, our method 131

effectively improves content visibility in the gener- 132

ated responses of GSEs. 133

Our contributions are summarized as follows: 134

• We propose a novel GEO framework, namely 135

Mind Reader, that effectively improves the 136

content visibility within the generated re- 137

sponses of GSEs by optimizing content based 138

on the extracted latent demands of user search. 139

• Our framework is realized by two modules: 140

DRQA and RCCO. The former enriches 141

queries with latent semantic information via 142

decomposition and recombination, while the 143

latter optimizes the content by encouraging 144

the GSEs’ reasoning information coverage. 145

• We conduct extensive experiments on widely 146

used GEO-Bench and our proposed PC-GEO, 147

which demonstrate that our method signifi- 148

cantly outperforms baselines and effectively 149

improves the content visibility with up to 150

2.44× objective metrics and 1.23× subjective 151

metrics on average. 152

2 Related Work 153

2.1 SEO Methods 154

Search Engine Optimization (SEO) aims to im- 155

prove the visibility of web content in traditional 156

search engines, and we refer to (Aryani et al., 2023; 157

Vinutha and Prajwal, 2023) and divide it into on- 158

page-based and off-page-based methods. Specifi- 159

cally, ❶ on-page-based SEO methods focuses on 160

optimizing elements within the content itself. For 161

example, Kanara et al. (Kanara et al., 2024) em- 162

ployed the keywords that were both semantically 163

relevant to the content theme and search queries of 164

users. An et al. (An and Jung, 2021) selected 165

influential metadata features based on their fre- 166

quency and weight, and incorporated them into 167
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webpage descriptions, thereby increasing website168

traffic. More recently, Chodak et al. (Chodak and169

Błażyczek, 2023) proposed leveraging LLMs to170

generate optimized content, thereby effectively en-171

hancing content visibility. In contrast, ❷ off-page-172

based SEO methods seek to improve content’s173

authority and reputation through external signals.174

For instance, Google’s SEO Starter Guide (Google,175

2025) recommends employing the strategy of link176

building to enhance a website’s perceived authority177

and credibility by search engines, thereby improv-178

ing the visibility of the created content. However,179

GSEs employ LLMs for query understanding, con-180

tent retrieval, and response generation, resulting181

in a fundamentally different search paradigm from182

the traditional search, which in turn limits the ef-183

fectiveness of these conventional SEO methods.184

2.2 GEO Methods185

To improve the visibility of the created content186

within the generated responses of GSEs, some pio-187

neering GEO works have been proposed recently,188

which can be mainly categorized into two types: ❶189

Query-agnostic GEO methods: The GEO meth-190

ods in this category typically rely on empirical or191

generally heuristic strategies to optimize content192

without conditioning on any specific user query.193

Specifically, Aggarwal et al. (Aggarwal et al.,194

2024) proposed several typical strategies, such as195

authoritative, statistics addition, and keyword stuff-196

ing, etc., improving the visibility of the optimized197

content to some extent. Nestaas et al. (Nestaas198

et al.) proposed preference manipulation attacks199

by injecting a malicious prompt into the content of200

competitors, effectively lowering the competitors’201

ranking and improving their own ranking. Addi-202

tionally, Chen et al. (Chen et al., 2025b) designed a203

multi-agent system that automated the strategic re-204

finement of content through a collaborative analyze-205

revise-evaluate workflow. Moreover, Chen et al.206

(Chen et al., 2025c) proposed RAID that enabled207

targeted content enhancement by modeling search208

intent through reflective refinement across diverse209

informational roles. Despite showing some effec-210

tiveness, their visibility gains are limited because211

they optimize content in a query-agnostic manner,212

without tailoring it to user queries.213

❷ Query-aware GEO methods: In contrast,214

a line of work has emerged that explicitly condi-215

tions content optimization on user queries, aiming216

to enhance content visibility by aligning the con-217

tent with the query-dependent preferences of GSEs.218

For instance, Kumar et al. (Kumar and Lakkaraju, 219

2024) employed a greedy coordinate gradient al- 220

gorithm to improve the visibility of their content 221

for the given user query. To further improve visi- 222

bility while preserving textual fluency, Yiming et 223

al. (Tang et al., 2025b) proposed StealthRank, an 224

energy-based optimization framework combined 225

with Langevin dynamics to optimize the content 226

with respect to the user query, which subtly yet ef- 227

fectively manipulated the visibility. More recently, 228

Wu et al. (Wu et al., 2025) introduced AutoGEO, 229

which explicitly analyzed GSE preferences over 230

content given user queries and incorporates these 231

preferences as rewards for content optimization. 232

Although these query-aware GEO methods 233

achieve improvements, they remain limited due 234

to the reliance on surface-level query tokens. In 235

contrast, our method extracts user search demands 236

in queries and leverages them to guide content op- 237

timization, achieving more effective results. 238

3 Method 239

Overview. We propose Mind Reader, as shown in 240

Figure 2, to optimize content for enhancing its visi- 241

bility in the generated responses of GSEs through 242

content optimization guided by the extracted la- 243

tent demands of user search, which consists of a 244

DRQA module and a RCCO module. Specifically, 245

the DRQA module enriches the query with latent 246

semantic information by decomposing each query 247

into diverse semantic perspectives, capturing un- 248

derlying semantic information, and recombining 249

them. Moreover, based on the augmented queries, 250

the RCCO module optimizes content to cover rea- 251

soning information of GSEs, aligning content with 252

user search demands comprehensively and stably, 253

thereby effectively improving content visibility. 254

3.1 Decomposition-Recombination Query 255

Augmentation 256

User queries are often short and underspecified, 257

yet they implicitly convey rich latent semantics 258

that capture underlying search demands. However, 259

the existing methods largely overlook such latent 260

semantic information, thus significantly limiting 261

their effectiveness. In response to this, we sug- 262

gest decomposing each query into diverse semantic 263

perspectives, capturing their latent semantic infor- 264

mation, and recombining them to generate diverse 265

query variants that explicitly expose underlying 266

user search demands, thereby making latent user 267
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Figure 2: An overview of our Mind Reader. We first augment queries with latent semantic information via decom-
position and recombination, and then optimize content by encouraging coverage of both query-specific personalized
and cross-query shared reasoning information. Benefiting from these modules, our Mind Reader effectively improve
the visibility of optimized content within the generated responses of GSEs.

search demand information more accessible for268

downstream content optimization.269

Specifically, we begin by decomposing each270

query into diverse semantic perspectives. Given271

a query qi ∈ Q, we first construct an entity graph272

Gi = (Vi, Ei) to support structured exploration of273

its semantic space, which is achieved by the LLM274

with carefully designed prompt. The node set Vi275

consists of entity nodes derived from qi, while the276

edge set Ei encodes semantic associations among277

entities, with edge weights indicating their associa-278

tion strengths. After constructing Gi, we randomly279

sample starting nodes and perform weight-guided280

random walks (Nikolentzos and Vazirgiannis, 2020;281

Perozzi et al., 2014) to obtain entity subgraphs282

Gi,j = (Vi,j , Ei,j), where the transition probability283

to a neighboring node is proportional to the cor-284

responding edge weight. Repeating this process a285

maximum of w times yields a set of subgraphs that286

reflect diverse semantic perspectives of qi.287

Then, motivated by that user intent and linguis-288

tic style encode rich semantic information (Shen289

et al., 2014), we design a two-stage prompt to infer290

them, thereby capturing the latent semantic infor-291

mation of each entity subgraph. Since linguistic292

styles are typically conditioned on intents (Broder,293

2002; Jansen et al., 2008), we first infer intents Ti,j294

associated with Gi,j as: Ti,j = LLM(pintent(Gi,j)),295

where Ti,j = {ti,j,0, . . . , ti,j,K−1} denotes the set296

of inferred intents, K is the number of intents,297

and pintent is a prompt designed for intent infer-298

ence based on Gi,j . Subsequently, for each in-299

tent ti,j,k ∈ Ti,j , we infer corresponding linguis- 300

tic styles Si,j,k based on both Gi,j and ti,j,k as: 301

Si,j,k = LLM(pstyle(Gi,j , ti,j,k)), where Si,j,k = 302

{si,j,k,0, . . . , si,j,k,M−1} represents the set of in- 303

ferred styles, M is the number of inferred styles, 304

and pstyle denotes the prompt for style inference 305

conditioned on Gi,j and ti,j,k. 306

Consequently, we recombine the entity sub- 307

graphs that capture diverse semantic perspectives 308

of qi with their corresponding inferred intents and 309

linguistic styles to generate query variants as: 310

Q̂i =

J−1⋃
j=0

K−1⋃
k=0

M−1⋃
m=0

LLM
(
pquery(Gi,j , ti,j,k, si,j,k,m)

)
,

(1) 311

where Q̂i denotes the query variant set derived 312

from qi, and pquery is a prompt that synthesizes Gi,j , 313

ti,j,k, and si,j,k,m into a query. As a result, we can 314

combine each query qi with its corresponding query 315

variant Q̂i to form an augmented query group Q̃i 316

as: Q̃i = {qi} ∪ Q̂i, and ultimately construct the 317

augmented query set Q̃ = {Q̂0, · · · , Q̂|Q|−1}. 318

Therefore, through query decomposition and re- 319

combination, we expose underlying user search 320

demands in the tokens of augmented queries, mak- 321

ing these demand information more accessible and 322

thereby facilitating more effective subsequent con- 323

tent optimization. 324

3.2 Reasoning Coverage Content 325

Optimization 326

Considering that existing methods are prevented 327

from aligning content with user search demands 328
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and result in their suboptimal optimization, we pro-329

pose to optimize content to cover the reasoning330

information of GSEs. By introducing a reasoning-331

coverage reward into the RL objective, we guide332

the model to optimize content to cover both query-333

specific personalized reasoning information, which334

is typically provided by GSEs (Mo et al., 2025;335

He et al., 2025), and cross-query shared reasoning336

information distilled across the corresponding aug-337

mented query set. This design aligns the optimized338

content and user search demands comprehensively339

and stably, thereby effectively improving content340

visibility within the generated responses of GSEs.341

Specifically, given a q̃i,j ∈ Q̃i, to encourage the342

optimized content c̃i to cover the personalized rea-343

soning information that is specific to q̃i,j , we first344

design a personalized-reasoning coverage reward345

term Rper
cov , which is formulated as follows:346

Rper
cov(q̃i,j , c̃i) =

∑|Ap
i,j |−1

n=0 LLM(pcov(a
p
i,j,n, c̃i))

|Ap
i,j |

, (2)347

where Ap
i,j = api,j,0, · · · , a

p
i,j,N−1 denotes the set348

of personalized reasoning steps extracted by LLM349

using our designed prompt pper from GSEs’ gen-350

erated responses to q̃i,j . N is the number of steps.351

pcov is the prompt that instructs LLM to compute352

the coverage score of c̃i for reasoning steps.353

Moreover, since optimizing content based on354

diverse personalized reasoning information of dif-355

ferent query variants may result in unstable opti-356

mization, we design a shared-reasoning coverage357

reward term Rshare
cov to encourage c̃i to cover cross-358

query shared reasoning information distilled from359

personalized reasoning information of correspond-360

ing augmented-query set, which is defined as:361

Rshare
cov (q̃i,j , c̃i) =

∑|As
i,j |−1

n=0 LLM(pcov(a
s
i,n, c̃i))

|As
i,j |

, (3)362

where As
i,j = {asi,j,0, · · · , asi,j,N−1} denotes the363

set of cross-query shared reasoning steps, and As
i,·364

is distilled as: As
i,· = LLM(pshare(

∑|Q̃i|−1
j=0 Ap

i,j)),365

and pshare is the prompt used by the LLM to distill366

the shared reasoning steps from the personalized367

reasoning steps of the corresponding augmented368

query set. Consequently, the reasoning-coverage369

reward Rcov is defined as follows:370

Rcov(q̃i,j , c̃i) = Rper
cov(q̃i,j , c̃i) +Rshare

cov (q̃i,j , c̃i). (4)371

In addition, referring to (Wu et al., 2025), we372

also introduce its outcome reward Rout(c̃i) and373

semantic reward Rsem(c̃i) to encourage improv- 374

ing the visibility of c̃i while preserving its seman- 375

tic consistency to the original content ci. Conse- 376

quently, the final reward is defined as follows: 377

Rtotal(q̃i,j , c̃i) = Rcov(q̃i,j , c̃i) +Rout(c̃i) +Rsem(c̃i).
(5) 378

In particular, we follow (Wu et al., 2025) to utilize 379

GRPO (Shao et al., 2024) to train the optimization 380

model via RL, and the overall objective function of 381

GRPO can be formulated as: 382

LGRPO(θ) = −Ec,i

[
min

(
ri(θ)Ai, clip

(
ri(θ),

1− ϵ, 1 + ϵ
)
Ai

)]
+ βDKL

[
πθold ∥ πθ

]
,

where ri(θ) =
πθ(c̃i | c)

πθold(c̃i | c)
, Ai =

Rtotal(c̃i)− µ

σ
,

(6)

383

where πθ and πθold are current and old policies, ϵ 384

and β are the clipping range and KL regularization 385

strength, DKL prevents large policy deviations, µ 386

and σ denote the mean and standard deviation of 387

rewards in the group, and Ai is the standardized 388

group-relative advantage. 389

Therefore, the optimization model can effec- 390

tively optimize content to cover both query-specific 391

personalized and cross-query shared reasoning in- 392

formation, effectively improving its visibility in the 393

generated responses of GSEs. 394

4 Experiments 395

4.1 Experimental Settings 396

Datasets. We evaluate our methods on two 397

datasets: a typical dataset for GEO, i.e., GEO- 398

Bench (Aggarwal et al., 2024), and our proposed 399

dataset on the personal computer domain, i.e., PC- 400

GEO. Specifically, GEO-Bench is a widely used 401

benchmark for GEO that includes 8000 training 402

queries, 1000 validation queries, and 1000 test 403

queries, each paired with relevant web content to 404

support the response generation for GSEs. More- 405

over, we propose PC-GEO, which contains 3533 406

training and 424 test queries. The associated web 407

content is sourced from technical forums, product 408

review sites, and e-commerce platforms. 409

Baselines. To assess the effectiveness of our 410

method, we compare it with several typical base- 411

lines. Specifically, we compare Mind Reader with 412

representative query-agnostic GEO methods, in- 413

cluding all nine optimization methods from (Aggar- 414

wal et al., 2024) (i.e., technical terms, cite sources, 415

keyword stuffing, unique words, authoritative, easy- 416

to-understand, statistics addition, quotation addi- 417
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Table 1: Comparisons in terms of objective and subjective metrics on GEO-Bench and PC-GEO for Qwen3 GSE.

Dataset Method
Objective metrics Subjective metrics

Word Position Overall Rel. Infl. Unique Div. FollowUp Pos. Count

GEO-Bench

Vanilla 19.92 19.72 19.85 19.84 19.84 19.86 19.89 19.86 19.85 19.83

Technical terms 20.55 20.44 20.51 20.07 20.10 20.10 20.11 20.08 20.13 20.09
Cite sources 22.31 22.24 22.28 20.58 20.78 20.72 20.61 20.53 20.79 20.75

Keyword stuffing 17.84 17.25 17.13 19.10 18.60 18.69 19.03 18.98 18.53 18.70
Unique words 19.27 19.19 19.18 18.59 18.00 18.16 18.52 18.53 17.96 18.11
Authoritative 19.37 19.25 19.32 19.75 19.66 19.64 19.69 19.70 19.69 19.66

Easy-to-understand 16.19 16.15 16.20 19.29 18.89 18.75 19.14 19.14 18.84 18.94
Statistics addition 22.85 22.71 22.53 20.01 20.19 20.34 19.92 20.10 20.12 20.20
Quotation addition 22.81 22.72 22.74 20.63 20.84 20.84 20.58 20.49 20.89 20.78

Fluency optimization 19.68 19.62 19.65 18.96 18.45 18.47 18.84 18.87 18.43 18.52
RAID 20.73 20.43 20.46 20.43 20.61 20.49 20.46 20.38 20.57 20.54

AutoGEOAPI 37.69 37.87 37.89 22.47 23.91 24.81 22.92 22.80 24.04 23.59
AutoGEOMini 24.69 24.80 24.91 20.93 21.26 21.11 20.94 20.82 21.29 21.17

Ours 53.72 53.13 53.39 22.87 25.30 26.75 23.74 23.33 25.50 24.78

PC-GEO

Vanilla 26.57 26.62 26.42 27.14 26.85 26.93 27.12 27.11 26.88 27.12

Technical terms 26.78 26.70 26.62 27.26 27.13 27.11 27.22 27.08 27.09 27.27
Cite sources 28.47 28.46 28.32 27.53 27.49 27.57 27.44 27.32 27.57 27.51

Keyword stuffing 19.42 19.06 19.16 25.01 23.88 24.38 25.11 25.50 23.89 24.67
Unique words 24.43 24.26 24.21 26.46 26.02 26.11 26.46 26.61 26.03 26.36
Authoritative 27.27 27.22 27.06 27.31 27.11 27.05 27.23 27.13 27.10 27.22

Easy-to-understand 25.81 25.88 25.62 26.89 26.64 26.69 26.89 26.86 26.66 26.85
Statistics addition 29.80 29.23 29.80 27.40 27.37 27.18 27.25 27.28 27.52 27.40
Quotation addition 29.62 29.72 29.60 27.79 27.66 27.68 27.65 27.52 27.82 27.77

Fluency optimization 25.57 25.61 25.46 26.20 25.67 25.84 26.26 26.49 25.65 26.11
RAID 27.43 27.57 27.35 27.40 27.25 27.29 27.31 27.16 27.31 27.31

AutoGEOAPI 37.47 38.91 38.94 30.94 33.14 33.75 31.09 30.06 34.06 31.82
AutoGEOMini 29.02 29.04 29.06 27.22 27.17 27.11 27.20 27.06 27.20 27.17

Ours 57.62 57.84 57.95 31.62 34.08 34.76 34.10 30.49 34.73 32.70

tion, and fluency optimization) and RAID (Chen418

et al., 2025c). In addition, we also compare Mind419

Reader with the state-of-the-art query-aware GEO420

method AutoGEO (Wu et al., 2025), including two421

variants AutoGEOAPI and AutoGEOMini.422

Evaluation metrics. Following (Aggarwal et al.,423

2024), we employ three objective metrics, i.e.,424

word, position, and overall. Specifically, word425

measures the weight of citation in the text of the426

response, position reflects the isolated impact of427

citation position based on exponential decay, and428

overall integrates both word count and position429

weighting to provide a comprehensive visibility430

measure in generative engine responses. Moreover,431

we also follow (Aggarwal et al., 2024) to adopt sub-432

jective metrics: relevance (Rel.), influence (Infl.),433

uniqueness (Unique), diversity (Div.), click likeli-434

hood (FollowUp), subjective positional prominence435

(Pos.), and subjective content volume (Count). All436

results are reported as average percentage values437

(%) computed over the test dataset. 438

Implementation details. We employ Qwen2.5- 439

7B-Instruct (Yang et al., 2025a) as the optimization 440

model for baselines and our method. Unless oth- 441

erwise specified, all experiments are conducted 442

against GSE based on Qwen3-30B (i.e., Qwen 443

GSE). Moreover, we set maximum subgraph extrac- 444

tion times w to 3. The optimization model is fine- 445

tuned for 1 epoch with the batch size of 128 using 446

the Adam optimizer (learning rate of 1e−5, warm- 447

up ratio of 0.03) on 8 NVIDIA A800 80GB GPUs, 448

which takes 15 and 7.5 hours on GEO-Bench and 449

PC-GEO, respectively. 450

4.2 Overall Performance 451

To evaluate our Mind Reader, we compare our pro- 452

posed method with typical query-agnostic GEO 453

methods and query-aware GEO methods. The re- 454

sults are shown in Table 1, which demonstrates 455

that our method outperforms baselines and ef- 456
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Table 2: Ablation study on GEO-Bench.

Method
Word Position Overall

DRQA Rout Rsem Rper
cov Rshare

cov

✓ ✓ ✓ ✓ 29.45 29.92 29.64
✓ ✓ ✓ ✓ 40.61 41.30 40.96
✓ ✓ ✓ ✓ 52.38 52.84 52.60
✓ ✓ ✓ 36.97 36.84 36.95
✓ ✓ ✓ ✓ 44.54 44.93 44.81
✓ ✓ ✓ ✓ 47.81 47.34 47.52
✓ ✓ ✓ ✓ ✓ 53.72 53.13 53.39

fectively improves the content visibility within457

the generated responses of GSEs. Moreover, we458

provide some further insights and discussions as459

follows: ❶ Query-agnostic GEO methods ex-460

hibit some performance. Specifically, these meth-461

ods outperform the vanilla baseline, achieving av-462

erage word, position, and overall metrics of 23.31,463

23.19, and 23.16, and average subjective metrics464

of 23.22 on two datasets. ❷ Query-aware GEO465

methods achieve better effectiveness than query-466

agnostic ones. Query-aware GEO methods outper-467

form query-agnostic GEO methods, achieving av-468

erage word, position, and overall metrics of 32.22,469

32.66, and 32.70, and average subjective metrics470

of 25.97 across two datasets. We attribute these471

improvements to the fact that query-aware methods472

explicitly tailor the optimization to user queries,473

enabling more effective content optimization. ❸474

Our method outperforms all baselines. Our pro-475

posed method significantly outperforms the base-476

lines, achieving average word, position, and overall477

of 55.67, 55.49, and 55.67, and average semantic478

metrics of 28.91 across two datasets. We attribute479

this superiority to the fact that our method can ef-480

fectively extract latent user search demands and481

optimize content accordingly.482

4.3 Ablation Study483

We perform ablation studies on GEO-Bench to an-484

alyze the effectiveness of each crucial component,485

thereby providing a comprehensive understanding486

of our method. The results are shown in Table 2,487

and we have several observations as follows: ❶488

DRQA significantly improves the content visibility489

(row 1 vs. row 7), which illustrates that enriching490

queries with latent semantic information is critical491

for subsequent content optimization. ❷ The pro-492

posed Rcov is also effective in enhancing content493

visibility (row 4 vs. row 7), demonstrating that494

covering reasoning information facilitates the con-495

tent optimization to be aligned with the user search496

Ours

LLM-
based
Copy-
based

0 20 40 60
Word Position Overall

53.72

40.13

33.34

53.13

40.41

33.67

53.39

40.42

33.69

0 20 40 60 0 20 40 60

Figure 3: Evaluation of different query augmentation
strategies.

demand, thus the optimized content is prioritized 497

by the GSEs in the generated responses. ❸ Rshare
cov 498

helps to cover different information of diverse rea- 499

soning steps more stably, thereby achieving better 500

optimization results. (row 6 vs. row 7) ❹ Our 501

method yields the highest word, position, and over- 502

all, which illustrates that our proposed modules are 503

complementary, facilitating a more comprehensive 504

extraction of latent search demands and thereby 505

enabling more effective content optimization. ❺ 506

Notably, Rsem also helps to improve the content 507

visibility during optimization (row 3 vs. row 7). 508

This is mainly because that preserving semantic 509

consistency is crucial for preventing semantic drift 510

and maintaining content fluency during optimiza- 511

tion, which in turn increases the likelihood that the 512

optimized content is adopted by GSEs. 513

4.4 Discussions 514

To evaluate our method more comprehensively, we 515

conduct more experiments on GEO-Bench and dis- 516

cuss the experimental results in this part. 517

Effect of query augmentation strategies. To fur- 518

ther evaluate the effectiveness of our designed de- 519

composition–recombination query augmentation, 520

we compare our method with two variants equipped 521

with different augmentation strategies: ❶ Copy- 522

based augmentation, which simply duplicates the 523

original query without modification; ❷ LLM- 524

augmentation, which utilizes the LLM to generate 525

diverse query variants based on the original query. 526

As shown in Figure 3, although the LLM-based 527

augmentation strategy offers modest gains over 528

the simple copying strategy, our method, which is 529

equipped with the designed DRQA module, signifi- 530

cantly outperforms these two methods. We attribute 531

this to the fact that our DRQA module enables fine- 532

grained extraction of latent semantic information 533

from the original query, thereby generating queries 534

that cover diverse semantic information beyond 535

surface-level information. 536

Robustness to surrogate reasoning. Although 537

most GSEs provide the reasoning steps during the 538

response generation, in certain scenarios, such as 539

when interacting with proprietary or closed-source 540
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Table 3: Performance comparisons under different rea-
soning chain sources. The training LLM generates CoT
for optimization, while the target GSE uses a different
LLM to generate responses.

Surrogate model Word Position Overall

Qwen2.5-7B 43.81 44.00 44.07
Qwen3-14B 52.97 53.40 53.27

Deepseek-R1-7B 43.53 44.21 43.93
Deepseek-R1-14B 49.24 49.43 49.34

systems, the reasoning steps may not be exposed.541

To evaluate the robustness of our method when542

the ground-truth reasoning steps from the GSE are543

unaccessible, we employ two open-source LLMs544

(i.e., Qwen2.5-7B (Yang et al., 2025a), Qwen3-14B545

(Yang et al., 2025b), Deepseek-R1-7B (Guo et al.,546

2025), and Deepseek-R1-14B (Guo et al., 2025))547

as the surrogate model to obtain the reasoning steps548

utilized by RCCO module of our method. As the re-549

sults in Table 3 show, although the effectiveness is550

slightly lower than that obtained using the ground-551

truth reasoning steps of GSEs, content optimized552

with reasoning steps generated by surrogate models553

still attains considerable visibility. This suggests554

our method is applicable even in scenarios where555

reasoning steps are inaccessible. Moreover, we ob-556

serve that utilizing larger surrogate models yields557

better results due to their stronger reasoning capa-558

bility. Notably, Qwen-based models outperform559

Deepseek ones, possibly because they share a sim-560

ilar architecture with the LLM of the target GSE,561

leading to more aligned reasoning patterns.562

Effectiveness on different LLM-based GSEs. We563

further evaluate our method and query-aware GEO564

baselines for more different representative GSEs565

on GEO-bench, including the GSEs based on GPT566

(Achiam et al., 2023) and Gemini (Team et al.,567

2023) (i.e., GPT GSE and Gemini GSE). As shown568

in Figure 4, our method consistently outperforms569

baselines across all objective metrics. These re-570

sults demonstrate the effectiveness of our method571

across diverse LLM-based GSEs, underscoring its572

practical applicability in real-world settings where573

multiple GSEs coexist.574

Evaluation of the optimization model transfer-575

ability across dataset domains. To assess our576

transferability across dataset domains, we eval-577

uate Mind Reader trained on GEO-Bench (gen-578

eral domain) using PC-GEO test dataset (personal579

computer domain), and conversely evaluate Mind580

Reader trained on PC-GEO using GEO-Bench test581

dataset. As shown in Figure 5, Mind Reader ex-582
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Figure 5: Cross-domain effectiveness of the optimiza-
tion model.

hibits considerable transferability when transfer- 583

ring from the general to the personal computer do- 584

main, whereas its performance degrades markedly 585

in the reverse direction. This asymmetry arises be- 586

cause the optimization strategy learned from the 587

general-domain dataset is more generalizable than 588

that learned from the domain-specific dataset. 589

5 Conclusion 590

In this paper, we introduce a novel GEO method, 591

Mind Reader, that enhances content visibility in 592

GSE-generated responses by optimizing content 593

under the guidance of extracted latent user search 594

demands in queries. Specifically, Mind Reader con- 595

sists of a decomposition-recombination query aug- 596

mentation module and a reasoning coverage con- 597

tent optimization module. The former augments 598

the query with the latent semantics via decomposi- 599

tion and recombination to expose underlying user 600

search demands and facilitate more effective subse- 601

quent content optimization, and the latter optimizes 602

content by encouraging both query-specific person- 603

alized and cross-query shared reasoning informa- 604

tion coverage, aligning the optimized content with 605

the user search demands, and thereby effectively 606

improving the content visibility within the gener- 607

ated responses of GSEs. Extensive experiments 608

demonstrate that Mind Reader significantly outper- 609

forms baselines, achieving remarkably improved 610

visibility (with up to 2.44× objective metrics and 611

1.23× subjective metrics on average). In the future, 612

we plan to extend Mind Reader to cross-modal gen- 613

erative search scenarios, thereby supporting more 614

real-world applications. 615
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Limitations616

The primary limitation of our method is the in-617

creased computational overhead due to the query618

augmentation, reasoning step obtainment, and fine-619

tuning of the optimization model on more data.620

However, it is important to note that the query aug-621

mentation and reasoning step obtainment can be622

performed offline, and thus the only non-negligible623

overhead stems from training on the augmented624

dataset. Considering the considerable effective-625

ness of our method and naively increasing train-626

ing data without our designed DRQA module only627

yields marginal gains, the increased computational628

overhead is acceptable. Moreover, as distributed629

computing resources become more accessible and630

cost-effective, this increased overhead can be ef-631

ficiently mitigated through standard data-parallel632

strategies (e.g., data parallelism across multiple633

devices). We anticipate that this limitation will di-634

minish in practice as scalable training infrastructure635

becomes widely available.636

Ethics Statement637

The models utilized in this paper, including638

Qwen2.5-7B, Qwen3-14B, Qwen3-30B, Deepseek-639

R1-7B, Deepseek-R1-14B, GPT, and Gemini, are640

employed under terms that permit academic re-641

search use, and Alibaba, OpenAI, and Google allow642

non-commercial academic investigation. Further-643

more, the data employed in this study comprises644

two benchmarks: GEO-Bench, which is publicly645

available under an open license, and PC-GEO, a646

domain-specific dataset is obtained from open tech-647

nical forums, product review sites, and e-commerce648

platforms. And all datasets are used exclusively for649

academic research purposes.650
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Appendix 862

A Additional Experiments 863

A.1 Hyperparameter Analysis 864

To analyze the effect of the maximum entity sub- 865

graph extraction times w, we vary w ∈ 1, 2, 3, 4, 5 866

and conduct experiments on GEO-Bench against 867

Qwen GSE. As shown in Figure 6, both the overall 868

metric and the average subjective metric improve as 869

w increases, since a higher w facilitates capturing 870

more diverse semantic perspectives. Notably, the 871

effectiveness gains from w = 3 to w = 5 are sub- 872

stantially smaller than those from w = 1 to w = 3. 873

We attribute this to the fact that when w = 3, our 874

method already captures most latent semantic in- 875

formation of the query, and further increasing w 876

yields limited additional benefits. Therefore, we 877

set w = 3 in the experiments to balance the effec- 878

tiveness and computational cost of our method. 879
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Figure 6: The impact of w in terms of overall and av-
erage subjective metrics on GEO-Bench against Qwen
GSE.

A.2 Effect of Reversing Inference Order for 880

Intents and Styles 881

In the DRQA module, we first infer user intents 882

from the entity subgraph and then infer the corre- 883

sponding linguistic styles conditioned on both the 884

subgraph and the inferred intents. To validate the 885

rationality of this inference order, we conduct ex- 886

periments by reversing the inference order on GEO- 887

Bench against Qwen GSE, i.e., inferring linguistic 888

styles from the entity subgraph first and then infer- 889

ring user intents conditioned on the subgraph and 890

styles. As shown in Table 4, reversing the inference 891

order results in consistent performance degradation 892

across word, position, and overall compared to our 893

method. This result indicates that linguistic styles 894

are typically conditioned on user intents. Without 895

first inferring intents, style inference lacks suffi- 896

cient semantic context and may even distort the 897

11



core semantic information.898

Table 4: Performance comparisons under different infer-
ence order for intents and styles.

Inference order Word Position Overall

Style → Intent 42.52 42.49 42.57
Intent → Style (Ours) 53.72 53.13 53.39

A.3 Robustness of Our Method against899

Diverse Queries900

In real-world scenarios, even with similar search901

demands, user queries often exhibit diversity due902

to the varied ways they are expressed. Therefore,903

users hardly input the exactly same query used904

during optimization. This raises a critical ques-905

tion: does our method generalize beyond the spe-906

cific query used during optimization? To evaluate907

this, we simulate realistic query diversity by gen-908

erating diverse queries based on the original query909

with the LLM, and then measure the visibility of910

our optimized content based on the original query911

against these diverse queries. As shown in Table912

5, our method maintains considerable effective-913

ness across diverse queries, achieving only average914

0.92%, 0.39%, and 0.55% drops in terms of word,915

position, and overall compared to evaluation on the916

original query. This robustness stems from the fact917

that our method optimizes content to cover diverse918

latent user search demand information rather than919

overfitting to surface-level token information, en-920

abling our method’s consistent performance across921

diverse user queries.922

Table 5: Performance comparisons of our method
against original query and diverse queries.

Query type Word Position Overall

Original query 53.72 53.13 53.39
Diverse query 52.80 52.74 52.84

B Case Study923

Here, we present a case to show the effectiveness924

of the proposed Mind Reader, as shown in Table925

6, demonstrating how our framework optimizes926

content to effectively improve its visibility within927

the generated responses of GSEs.928

In Module 1: Decomposition-Recombination929

Query Augmentation (DRQA), we construct an930

entity graph for the input query and extract diverse 931

sub-graphs to extract diverse semantic perspectives. 932

Then, we infer the corresponding latent intents and 933

linguistic styles based on theses subgraphs. Conse- 934

quently, we can generate diverse query variants that 935

incorporate the extracted latent semantic informa- 936

tion, thereby facilitating more effective subsequent 937

content optimization. 938

In Module 2: Reasoning Coverage Content 939

Optimization (RCCO), the expanded query is pro- 940

cessed to derive the personalized reasoning infor- 941

mation, alongside the shared reasoning information 942

distilled cross the corresponding augmented query 943

set. By comparing the original and optimized con- 944

tent, the case study demonstrates that our frame- 945

work effectively guides content optimization: the 946

optimized content covers the personalized reason- 947

ing information (highlighted in blue) while cover- 948

ing shared reasoning information (highlighted in 949

purple). 950

C More Details 951

In this part, we provide more experimental details 952

for reproducibility and completeness. 953

C.1 Dataset Details 954

C.1.1 GEO-Bench 955

GEO-Bench(Aggarwal et al., 2024) is a typical 956

GEO benchmark that consists of 8000 training 957

queries, 1000 validation queries, and 1000 test 958

queries, which are obtained from nine different 959

sources: MS MARCO (Craswell et al., 2021), 960

ORCAS-1 (Alexander et al., 2022), Natural Ques- 961

tions (Kwiatkowski et al., 2019), AllSouls, LIMA 962

(Zhou et al., 2023), Davinci-Debate (Liu et al., 963

2023), Perplexity.ai Discover 4, ELI-5 5, GPT-4 964

Generated Queries. Each sample in GEO-Bench 965

is organized as structured data consisting of a user 966

query, a set of relevant web content, associated 967

metadata tags, and optimization targets. 968

C.1.2 PC-GEO 969

As mentioned in Section 4.1, we propose PC- 970

GEO, a GEO dataset on the personal computer 971

domain. This section details the dataset construc- 972

tion process. PC-GEO is built through a multi-stage 973

pipeline that leverages an LLM (i.e., Doubao-seed- 974

1.6 (ByteDance, 2025)) together with the web re- 975

4https://www.perplexity.ai/discover
5https://huggingface.co/eli5_category
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Table 6: Case Study. Illustration of how our framework process the query “What are the moral obligations of
the biographer?” by capturing latent semantics information (Module 1) and guiding content to cover reasoning
information (Module 2).

Module 1: Decomposition-Recombination Query Augmentation

Original Query What are the moral obligations of the biographer?

Entity Subgraph [biographer]↔ [moral obligations]↔ [biography]

Subgraph Recombina-
tion

Subgraph A:
Entity subgraph: [biographer]↔ [biography]
Latent intent: EXPLANATION
Linguistic style: PROFESSIONAL (professional writing and media practice)
Subgraph B:
Entity subgraph: [biographer]↔ [moral obligations]
Latent intent: DEFINITION
Linguistic style: PROFESSIONAL (ethical and normative clarification)

Expanded Queries 1. How do biographers navigate the ethical considerations when presenting complex or
controversial aspects of a subject’s life in their biographies?
2. How should the moral obligations of a biographer be defined in professional writing
practice?

Module 2: Reasoning Coverage Content Optimization

Case Query: “How do biographers navigate the ethical considerations when presenting complex or controversial
aspects of a subject’s life in their biographies?”

Personalized Reasoning Steps (Ap) for the Case Query:
[Step 1]: Identify core ethical principles (accuracy, fairness, privacy). −→ [Step 2]: Assess public interest and
historical significance of controversial details. −→ [Step 3]: Rely on verified sources to ensure factual integrity.
−→ [Step 4]: Balance transparency, harm mitigation, and contextualized narration.

Shared Reasoning Steps (As) Distilled cross the Corresponding Augmented Query Set:
[Step 1]: Ensure accuracy and verifiability of biographical claims. −→ [Step 2]: Respect personal dignity and
justify disclosure through legitimate public interest. −→ [Step 3]: Avoid bias, sensationalism, and undisclosed
conflicts of interest. −→ [Step 4]: Situate actions within appropriate historical, cultural, and social contexts.

Original Content Optimized Content (Ours)

Biographers have a moral obligation to consider the
ethics of telling someone’s life story.

Writers, in general, have a moral responsibility to
express their opinions and accept that there is more at
stake than the number of copies sold.

Editors also have a moral obligation to maintain editorial
integrity with their writers.

Biographers have a moral obligation to represent their
subjects truthfully while respecting personal dignity.
This requires careful selection of verifiable facts, avoid-
ance of speculation or sensationalism, and fair treatment
of both positive and negative aspects of a subject’s life.
In fulfilling this responsibility, biographers must weigh
the public value of disclosure against potential harm to
individuals involved, and situate actions within their his-
torical and social contexts to prevent misinterpretation.
More broadly, ethical biographical writing demands ac-
curacy, fairness, and contextual sensitivity, ensuring that
moral responsibility extends beyond narrative appeal or
commercial considerations.

Highlighting Convention. Blue text indicates coverage of personalized reasoning information, while purple text
represents coverage of shared reasoning information.
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trieval tool provided by the Volcano Ark API, as976

outlined below:977

❶ Query Generation. We generate personal978

computer-related user queries using the LLM to979

simulate across diverse usage scenarios, budgets,980

and configuration requirements. The prompt detail981

is shown below:982

PC-GEO: Prompt for Query Generation

Goal:
Your core objective is to continuously generate high-

quality, diverse, and non-repetitive questions about lap-
tops from the viewpoints of different user personas.

Persona & Context:
When generating questions, simulate the thinking and

needs of the following user personas:

• General Consumer: Seeks value for money, may
be less technically savvy, and prioritizes everyday
experience and brand reputation.

• Student: Has a limited budget, diverse needs, and
may require portability.

• Professional: Values efficiency, stability, battery
life, and compatibility with work software.

• Gamer: Prioritizes high performance, high refresh
rate displays, and cooling systems.

• Creator: Needs powerful graphics processing,
large RAM, and high-resolution displays.

• Business Traveler: Extremely values portability,
battery life, and durability.

Question Dimensions & Requirements:
Your questions must cover the following dimensions

and must never be repeated:

• Budget & Value:

– Recommendations for the best value laptops
in specific price ranges (e.g., $500–$800,
$800–$1200, $1500+).

– How to balance performance, display qual-
ity, and portability within a limited budget.

– Which brands offer the best value in a given
price segment.

• Scenario & Use Case:

– Laptop recommendations for specific fields
of study (e.g., programming, design, data
science).

– Hardware configuration choices for specific
software (e.g., Adobe Suite, AutoCAD, gam-
ing).

– Models suitable for specific lifestyles (e.g.,
frequent travel, remote work, mobile learn-
ing).

• Technical Specifications & Performance:
983

– Explanations of specific technical specifica-
tions (e.g., CPU models, GPU types, RAM
specs, storage interfaces).

– The impact of different specifications on
real-world performance (e.g., i5 vs. i7 for
office tasks).

– How to determine if a laptop’s performance
will meet future needs (2–3 years).

• User Experience & Concerns:

– Common issues with laptops (e.g., battery
life overestimation, overheating noise, poor
display quality).

– How to choose an eye-friendly display.
– Pros and cons comparison between mechan-

ical keyboards and chiclet keyboards.
– The impact of laptop weight and size on

portability.

Output Format:

• Generate only one question per turn.

• The question should be clear, specific, and avoid
being overly broad.

• Don’t precede the question with the persona you
are simulating.

• Do not add any extra explanations, analysis, or
answers.

984

❷ Resource Collection. For each retained query,
we retrieve candidate web resources from diverse
online sources and extract their main textual con-
tent. The prompt detail is shown below:

PC-GEO: Prompt for Resource Collection

Role:
AI Personal Shopping Assistant

Goal:
Search for and recommend the most relevant products

on mainstream platforms based on user requirements.

Execution Rules (Must be strictly followed):

1. Direct Product Search:
When a user makes an inquiry or recommendation

request, search directly on e-commerce platforms using
the specific product category or name mentioned by
the user as the keyword. For example, if a user asks
“Recommend cat food,” search for “cat food” directly.

2. Sorting Based on Product Sales Pages:
Recommendation results must be sorted and filtered

based on information you searched. Priority should be
given to the platform’s default sorting logic or adjusted
according to the user’s implicit priorities.

3. Search Scope and Information Sources
The search scope is primarily based on product

sales pages of mainstream e-commerce platforms such
as JD.com, Taobao, and Pinduoduo.
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A small amount of content from formal and author-
itative review websites can be used as supplementary
reference.

4. Provide Reference Websites:
In your final answer, provide at least 8 reference

website URLs that you used to gather information.

5. Output Format:
Your final answer must be returned strictly in JSON

format, as specified below:
```json
{

“quotations”: [
{

“url”: “xxx”,
“summary”: “xxx”

}
]

}
```

❸ Rule-based Filtering. To improve subse-
quent processing efficiency, we first filter out low-
quality content (e.g., placeholder texts indicating
JavaScript rendering errors or failed crawls) and
irrelevant content. This process entails the removal
of empty pages, texts with a length of less than 200
characters, and any content that fails to mention the
keywords "computer" or "laptop". Such content is
deemed non-referential and is therefore excluded
from further analysis.

❹ LLM-based Filtering. Furthermore, we em-
ploy the LLM to extract the core textual content by
stripping away irrelevant elements such as headers,
footers, and navigation bars. The prompt detail is
shown below:

PC-GEO: Prompt for LLM-based Filtering

You are a professional web content cleaner and formatter.
Your task is to accurately extract and optimize the core
readable content from the given web page text:

1. Content Cleaning:
Remove all irrelevant content, including but not

limited to headers, footers, sidebars, navigation menus,
advertisements, recommended articles, and copyright
information. Only retain the main body content of the
page.

2. Format Optimization:
Remove all HTML tags, JavaScript code, CSS styles,

URL links, special symbols (e.g., &amp;, &nbsp;), and
other non-text content. Ensure the text format is regular
and paragraphs are clear.

3. Content Output:
Present the final, clean text content in Markdown for-

mat.

Constraints:

1. Strictly follow the principle of “only retaining
core readable content”. Do not omit any important
information, nor retain any redundant information.

2. The output must be pure Markdown text, without any
other content such as explanatory text, thought processes,
code block markers, or polite expressions.

Upon completing the above steps, our PC-GEO
is partitioned into training and test sets at a 9:1
ratio, comprising 3,533 training queries and 424
test queries.

C.2 Baseline Details

We compare our method with several typical base-
lines, including nine methods from (Aggarwal
et al., 2024), RAID (Chen et al., 2025c), and two
variants from AutoGEO (Wu et al., 2025).

Specifically, the details of nine methods from
GEO-Bench (Aggarwal et al., 2024) are as follows:

• Technical Terms: Inject technical terms and
domain-specific factual information to signal
depth and expertise to the search engine.

• Cite Sources: Introduce relevant citations
from credible external sources to convey
stronger evidential support.

• Keyword Stuffing: Injects relevant keywords
to better align the content with standard SEO
matching principles.

• Unique Words: Introduce rare and distinctive
terms to increase diversity in the content.

• Authoritative: Rewrite the content using a
more assertive and confident tone to convey
authority and expertise.

• Easy-to-Understand: Rewrite the content
with simpler language to enhance clarity.

• Statistics Addition: Enrich the content with
quantitative statistics and numerical informa-
tion to support more objective descriptions.

• Quotation Addition: Insert quoted state-
ments or expert remarks into the content to
enhance rhetorical authority.

• Fluency Optimization: Improve the fluency
and coherence of content to enhance overall
readability and clarity.
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RAID (Chen et al., 2012) executes a four-stage
pipeline comprising content summarization, intent
inference and refinement, step planning, and con-
tent rewriting. A key component of RAID is the
4W Multi-Role Deep Reflection mechanism, which
prompts the LLM to generalize latent search in-
tents by analyzing four dimensions: Who (inferring
representative user roles), What (identifying role-
specific retrieval needs), Why (analyzing semantic
mismatches), and How (reconstructing generalized
intents). Guided by this refined intent, the model
formulates a sequence of actionable optimization
steps to rewrite the content, thereby enhancing its
visibility in the generated responses of GSEs.

AutoGEO (Wu et al., 2025) is a systematic
framework that automatically extracts preference
rules from generative engines to optimize web
content for higher visibility. The framework pro-
vides two variants: a prompt-based API version
AutoGEOAPI that serves as a plug-and-play sys-
tem and a compact Mini version AutoGEOMini
designed for cost-efficient deployment. While
the API version requires no additional training,
the Mini version is optimized through reinforce-
ment learning and operates at a cost approximately
0.0071 times that of the API system. Training for
the Mini model begins with a cold start phase using
a learning rate of 5e-5 for 5 epochs with the Adam
optimizer. This is followed by a Group Relative
Policy Optimization phase to align content with
visibility and rule adherence rewards.

C.3 Method Prompt

Here, we present the prompts used in our method.

Prompt for Entity Extraction

Extract entities from the following query.

Query: {query}

IMPORTANT:
Even if the query is short, extract ALL meaningful

entities and concepts, including:
- Named entities (people, organizations, locations,

products)
- Key concepts and technical terms
- Important nouns and noun phrases
- Domain-specific terminology

Output the entities in the following JSON format (ONLY
output valid JSON, no other text):
{

"entities": [

"text": "entity name", "type": "entity type",
...

]
}

Entity type examples (you can use these or create your
own):

- PERSON: people, authors, historical figures
- ORG: organizations, companies, institutions
- GPE: geo-political entities (countries, cities, states)
- PRODUCT: products, devices, software, tools
- CONCEPT: abstract concepts, theories, ideas
- TECH: technical terms, technologies, methods
- ACRONYM: abbreviations and acronyms
- EVENT: events, incidents, occurrences
- DATE: dates, time periods
- QUANTITY: numbers, measurements, amounts
- LAW: laws, regulations, policies
- LANGUAGE: programming languages, natural lan-

guages
- PROTOCOL: protocols, standards, specifications
- DISEASE: diseases, medical conditions
- CHEMICAL: chemicals, compounds, substances
- BIOLOGICAL: biological entities (genes, proteins,

species)
- OBJECT: physical objects, structures, infrastructure
- PROCESS: processes, procedures, activities

Feel free to create more specific entity types if needed to
better capture the semantics.

Prompt for Edge Extraction

Compute the association strength matrix for the given
entities in texts.

Entities: {texts}

IMPORTANT:
- Shape: (len(texts), len(texts))
- Diagonal: 1.0
- Symmetric
- Values in [0, 1]

Output the edges in the following JSON format (ONLY
output valid JSON, no other text):
{

"matrix": []
}

Prompt for Intent Inference

Based on the following entities extracted from the query,
infer the query intents.

Entities: {entities}

Output the result in the following JSON format (ONLY
output valid JSON, no other text):
{

"intent_type": "a descriptive intent type that captures
the user’s question goal",

"keywords": ["keyword1", "keyword2", "keyword3"]
}

Intent type examples (you can use these or create your
own):
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- DEFINITION: asking what something is or means
- HOWTO: asking how to do something
- COMPARISON: comparing things
- CAUSATION: asking why something happens
- LOCATION: asking where something is
- TIME: asking when something happens
- QUANTITY: asking how many/much
- QUALITY: asking about characteristics
- EXPLANATION: asking for detailed explanation
- PROCEDURE: asking about step-by-step process
- EVALUATION: asking about pros/cons or assess-

ment
- RECOMMENDATION: asking for suggestions or

advice
- TROUBLESHOOTING: asking how to fix or solve

a problem
- GENERAL: other types

Feel free to create a more specific intent type if none of
these examples fit well.

Prompt for Style Inference

Based on the following entities and intents, infer the
linguistic styles of the query.

Entities: {entities}

Intents: {intents}

Output the result in the following JSON format (ONLY
output valid JSON, no other text):
{

"style_type": "",
"style_description": ""

}

Style type examples (you can use these or create your
own):

- STUDENT: learning the topic
- RESEARCHER: conducting research
- DEVELOPER: building software
- ENGINEER: solving technical problems
- BUSINESS: making business decisions
- ANALYST: analyzing data or trends
- GENERAL_PUBLIC: seeking general information
- ENTHUSIAST: pursuing a hobby or interest
- PATIENT: seeking health information
- CLINICIAN: providing medical care
- EDUCATOR: teaching others
- HOBBYIST: pursuing leisure activities
- PROFESSIONAL: working in the field
- POLICYMAKER: making policy decisions
- INVESTOR: making investment decisions
- CONSUMER: making purchase decisions

Feel free to create more specific linguistic styles if the
examples don’t fit well.

Prompt for Query Generation

You are a {role_desc} asking a {intent}-type question.

Generate a natural, specific question about the following
entities: {entities}

Requirements:

1. The question should be naturally phrased and gram-
matically correct

2. Use some or all of the provided entities: {entities}
3. The question should match the intent type: {intent}
4. Frame the question from the perspective of a

{role_desc}
5. The question should be specific and concrete
6. Output ONLY the question, nothing else

Original context (for reference only): {original_query}

Question:

Prompt for Distilling Shared Reasoning Steps

You are an expert reasoning assistant. Given the
personalized reasoning steps of the corresponding
augmented-query set, generate cross-query shared
reasoning steps.

Personalized reasoning steps: {
"Reasoning steps of query 1": {reasoning_steps_1},
"Reasoning steps of query 2": {reasoning_steps_2},
...

}

Output Format: {
"Shared reasoning steps": []

}

Important:
- Each step should be concise (1-2 sentences)
- Steps should be logically connected
- Focus on factual reasoning, not opinions

Prompt for Reasoning Information Coverage Evalua-
tion

You are an expert evaluator, given a list of reasoning
steps and a generated content, evaluate how thoroughly
the content covers these reasoning steps.

Reasoning steps: {
"reasoning steps": {reasoning_steps}

}

Content: {
"content": {content}

}

[Evaluation Instructions]
For each reasoning step, assess whether the generated

content:
1. Explicitly addresses the step with relevant informa-

tion
2. Implicitly covers the step through related content
3. Partially touches on the step but lacks depth
4. Does not address the step at all

[Scoring Guidelines]
- 0.9-1.0: Nearly all or all steps are thoroughly covered
- 0.7-0.9: Most steps are well covered, with some

minor gaps
- 0.5-0.7: About half to most steps are covered, with

notable omissions
- 0.3-0.5: Some steps are covered, but significant gaps

remain
- 0.1-0.3: Very few steps are covered
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- 0.0-0.1: Content does not meaningfully address the
reasoning steps

[Output Format]
Strictly return a valid JSON object with a single key

"score" and a precise float value between 0.0 and 1.0.
Do not include any markdown formatting (like

```json), explanations, or extra text. Output only the
JSON string.

[Output Example]: {"score": 0.73}

D Notations

Table 7 summarizes the used notations in this paper.

Table 7: Summary of notations.

Notation Description

qi User query
Q Original query set
Q̂i Query variant set
Q̃ Augmented query set
Gi Entity graph
Vi Entity set
Ei Edge set
Ti,j User intents
Si,j,k Linguistic styles

pintent, pstyle, pcov Prompts
Rcov/Rsem/Rout/Rtotal Reward

Ap
i,j ,A

s
i,j Reasoning step set

ci Original content
c̃i Optimized content
πθ Policy
ϵ Clipping range
β Strength of KL regularization
µ Mean of rewards
σ Standard deviation of rewards
Ai Group-relative advantage
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