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Abstract001

As Generative Engines revolutionize informa-002
tion retrieval by synthesizing direct answers003
from retrieved sources, ensuring source visibil-004
ity becomes a significant challenge. Improv-005
ing it through targeted content revisions is a006
practical strategy termed Generative Engine007
Optimization (GEO). However, optimizing a008
document for diverse queries presents a con-009
strained optimization challenge where hetero-010
geneous queries often impose conflicting and011
competing revision requirements under a lim-012
ited content budget. To address this challenge,013
we propose IF-GEO, a “diverge-then-converge”014
framework comprising two phases: (i) min-015
ing distinct optimization preferences from rep-016
resentative latent queries; (ii) synthesizing a017
Global Revision Blueprint for guided editing018
by coordinating preferences via conflict-aware019
instruction fusion. To explicitly quantify IF-020
GEO’s objective of cross-query stability, we021
introduce risk-aware stability metrics. Experi-022
ments on multi-query benchmarks demonstrate023
that IF-GEO achieves substantial performance024
gains while maintaining robustness across di-025
verse retrieval scenarios.026

1 Introduction027

The evolution from traditional Search Engines028

(SEs) to Generative Search Engines (GSEs) rep-029

resents a significant shift in information re-030

trieval (Brin and Page, 1998; Aggarwal et al.,031

2024). Unlike SEs, which present ranked lists of032

hyperlinks, GSEs adopt a retrieve-then-generate033

paradigm (Lewis et al., 2020; Karpukhin et al.,034

2020). By employing Large Language Models035

(LLMs) to synthesize direct answers from retrieved036

documents, GSEs provide users with synthesized037

information rather than a list of sources.038

However, ensuring source visibility presents a039

significant challenge for content providers. Since040

visibility depends on whether a document is se-041

lected and cited by the model rather than its rank-042

Figure 1: Challenges of GEO. Revision requests of dif-
ferent queries can be conflicting and competitive under a
limited content budget. GEO have no idea which query
to follow.

ing position, traditional optimization techniques 043

are less effective. To address this, Generative En- 044

gine Optimization (GEO) has been proposed as a 045

prominent strategy to improve content visibility 046

in generated responses through targeted document 047

revisions (Aggarwal et al., 2024). 048

Existing GEO methods typically utilize static 049

heuristic rules (Aggarwal et al., 2024) or optimize 050

content based on aggregated engine preferences in- 051

ferred from ranking signals (Wu et al., 2025; Chen 052

et al., 2025a). While recent work like RAID (Chen 053

et al., 2025b) advances the field by modeling la- 054

tent retrieval intents, it prioritizes a single aggre- 055

gated intent trajectory. These approaches treat the 056

serving of diverse heterogeneous queries as a one- 057

dimensional optimization problem. However, in 058

practice, a single document needs to serve diverse 059

user queries simultaneously (Broder, 2002; Clarke 060

et al., 2008; Wang et al., 2009). This creates a 061

constrained optimization problem, where hetero- 062

geneous queries often impose conflicting require- 063

ments on the document’s limited content as illus- 064

trated in Figure 1 (Marler and Arora, 2004; Rose 065

and Levinson, 2004). Current methods lack the 066
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mechanisms to coordinate these competing pref-067

erences. Consequently, optimizing for one query068

often results in diminished or negative gains for069

others, creating competitive imbalances that we em-070

pirically analyze in Appendix A, leading to incon-071

sistent revisions and performance variance across072

the query set.073

To address this challenge, we propose IF-GEO,074

a “diverge-then-converge” framework comprising075

two phases: (i) mining representative latent queries076

and formulating their distinct optimization prefer-077

ences as structured edit requests; and (ii) synthesiz-078

ing a unified Global Revision Blueprint for guided079

editing by coordinating preferences via conflict-080

aware instruction fusion. Crucially, we formally081

integrate risk-aware stability metrics into the IF-082

GEO optimization objective to explicitly quan-083

tify cross-query stability. By introducing Worst-084

Case Performance (WCP), Win-Tie Rate (WTR),085

and Downside Risk (DR), we establish a robust086

standard that addresses the limitations of mean-087

variance evaluations—which often mask tail degra-088

dations and conflate beneficial upside with harmful089

downside volatility.090

Our contributions are summarized as follows:091

• We propose IF-GEO, a “diverge-then-092

converge” framework. It predicts latent093

queries to formulate specific edit requests and094

employs conflict-aware instruction fusion to095

synthesize a unified Global Revision Blueprint096

for coherent document revision.097

• We introduce an evaluation methodol-098

ogy utilizing risk-aware stability met-099

rics—specifically Worst-Case Performance,100

Downside Risk, and Win-Tie Rate—to101

explicitly quantify the safety and robustness102

of optimization across diverse queries.103

• Empirical results on multi-query benchmarks104

demonstrate that IF-GEO achieves substan-105

tial improvements in overall visibility while106

effectively mitigating performance variance,107

ensuring robust stability across heterogeneous108

retrieval scenarios.109

2 Related Works110

2.1 Generative Search Engines111

Generative Search Engines (GSEs) increasingly fol-112

low a retrieve–then–generate paradigm, producing113

answer-centric responses with explicit source at-114

tributions. Technically, many such systems build115

on retrieval-augmented generation (RAG) (Lewis 116

et al., 2020) and retrieval-augmented pretrain- 117

ing/memory architectures such as REALM (Guu 118

et al., 2020) and RETRO (Borgeaud et al., 2022). 119

In practice, these pipelines often pair dense neu- 120

ral retrievers (e.g., DPR) (Karpukhin et al., 2020) 121

with multi-passage evidence fusion generators (e.g., 122

FiD) (Izacard and Grave, 2021). Unlike traditional 123

search engines that prioritize document ranking 124

based on keyword matching(Gleason et al., 2023), 125

GSEs leverage the semantic reasoning capabilities 126

of LLMs to synthesize information from multiple 127

disparate sources (Li et al., 2025). To improve ver- 128

ifiability and citation consistency, prior work has 129

introduced browsing/citation constraints and dedi- 130

cated benchmarks for attribution quality (e.g., We- 131

bGPT (Nakano et al., 2021), GopherCite (Menick 132

et al., 2022), and CITE (Gao et al., 2023)). These ar- 133

chitectural shifts fundamentally alter the optimiza- 134

tion landscape, motivating downstream objectives 135

that emphasize not just retrieval rank, but visibility 136

and attribution within the generated narrative. 137

2.2 Generative Engine Optimization 138

Generative Engine Optimization (GEO) aims to im- 139

prove visibility within generative answers through 140

content modifications. Existing work broadly falls 141

into three lines. (i) Single-objective and heuris- 142

tic optimization. Early work formalized GEO 143

with heuristic strategies (Aggarwal et al., 2024), 144

while recent works explored specific interven- 145

tions like caption injection (Chen and Liao, 2025) 146

or transformer-based rewriting (Lüttgenau et al., 147

2025). These approaches apply preset or single- 148

target editing rules, lacking adaptation to diverse 149

query conflicts. (ii) Feedback-driven Optimization. 150

This line treats engines as black boxes, optimizing 151

content by inferring implicit preferences from rank- 152

ing signals (Wu et al., 2025) or employing iterative 153

feedback loops (Bagga et al., 2025; Chen et al., 154

2025a). However, they often overfit to specific 155

engine behaviors and ignore cross-query stability. 156

(iii) Intent-based optimization. This line consid- 157

ers optimization over a document’s latent queries. 158

RAID leverages multi-role reflection to generalize 159

latent search intents(Chen et al., 2025b), but opti- 160

mizes around a single aggregated intent. Overall, 161

prior methods treat optimization targets in isolation 162

or aggregation. They lack mechanisms to coordi- 163

nate diverse intents, failing to balance competitive 164

trade-offs under a limited content budget, which 165

ultimately hinders robust and stable optimization. 166
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3 Problem Definition167

3.1 Setting and Notation168

Given a query expression q, a generative engine169

(GE) retrieves a set of candidate documents Cq =170

Retrieval(q) = {D1, . . . , DN} and generates a re-171

sponse text rq = Generate(q, Cq), which includes172

citations to documents in Cq. We define an answer-173

induced visibility score v(Di, rq) to quantify how174

visible a document Di ∈ Cq is within the response175

rq, based only on the response text and its cita-176

tion/attribution signals. Since rq is conditioned on177

q, we use the shorthand v(D, q) to denote the visi-178

bility of a document D under query q. Importantly,179

v(·) is a plug-in metric and can be instantiated with180

different operational definitions of visibility.181

3.2 Optimization Objective182

Given a document D, we consider a target set of183

queries Q(D) = qi
m
i=1 that represent the queries184

we aim to optimize for. For each qi ∈ Q(D), the185

visibility of D under qi is measured by v(D, qi).186

A GEO method M takes D as input and pro-187

duces an optimized document D′ = M(D). For188

each query qi ∈ Q(D), we define the per-query189

visibility gain as:190

∆vi = v(D′, qi)− v(D, qi). (1)191

We summarize the optimization effect over the192

query set Q(D) by applying a plug-in aggregation193

functional A(·) to the gain vector:194

∆ = A
(
{∆vi }mi=1

)
. (2)195

The choice of A is application-dependent and can196

be instantiated with different operational defini-197

tions (e.g., mean for average improvement). GEO198

aims to find a method M that optimizes ∆ under199

the chosen definition of A.200

4 Method201

4.1 Overview: IF-GEO202

We propose IF-GEO, a two-stage framework for203

GEO under generative engines. IF-GEO follows a204

“diverge-then-converge” workflow. In the diverge205

phase, it discover representative latent queries and206

elicit their distinct optimization preferences as207

structured edit requests. The converge phase then208

coordinates and balances these competing prefer-209

ences through conflict-aware instruction fusion,210

synthesizing them into a unified global revision211

blueprint that provides a comprehensive optimiza- 212

tion direction for guided editing. Beyond maximiz- 213

ing average visibility, IF-GEO explicitly optimizes 214

for stability metrics (e.g., WCP, DR) to minimize 215

cross-query downside risks, ensuring robust per- 216

formance where standard mean-based approaches 217

often fail. 218

Figure 2 overviews the pipeline. All steps of 219

IF-GEO are implemented via LLM calls, where the 220

model acts as a constrained executor that outputs 221

structured intermediate artifacts rather than per- 222

forming free-form rewriting. Full prompt specifica- 223

tions and output schemas are provided in Appendix 224

B. 225

We next detail the two phases of this workflow: 226

Query Discovery and Request Generation as the 227

diverge phase, followed by Instruction Fusion as 228

the converge phase. 229

4.2 Query Discovery and Request Generation 230

4.2.1 Query Mining 231

As the first step in the diverge phase, we conduct 232

query mining to expand the document into a repre- 233

sentative query set. We treat this process as reverse 234

retrieval: given D, we guide the LLM to act as 235

a search analyst and discover diverse queries for 236

which the document should be a relevant result. To 237

ensure the set is representative and avoid redundant 238

tuning, the system explicitly instructs the model 239

to target different aspects of the document’s main 240

theme while strictly prohibiting simple paraphrases. 241

This step outputs a weighted query set Q(D): 242

Q(D) = {(qi, wi)}mi=1 (3) 243

where each query qi serves as a specific context for 244

generating subsequent edit requests. The associ- 245

ated weight wi is a scalar score (0–100) estimating 246

query popularity. Drawing on the scoring capa- 247

bility demonstrated in G-EVAL (Liu et al., 2023), 248

we leverage the model’s parametric knowledge to 249

assign this priority, which guides the later fusion 250

phase. 251

4.2.2 Query-specific Request Generation 252

Given the weighted query set Q(D), the core objec- 253

tive of this step is to elicit the distinct optimization 254

preferences of each query regarding the document. 255

IF-GEO operationalizes these abstract preferences 256

into concrete, actionable edit requests (instruction 257

candidates). By analyzing each query qi in isola- 258

tion, the model explicitly diagnoses specific con- 259
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Figure 2: Overview of the IF-GEO methodology. IF-GEO follows a “diverge-then-converge” paradigm. In Phase I,
the system mines a representative query set and elicits query-specific editing requests, which may be redundant or
conflicting. In Phase II, IF-GEO performs conflict-aware instruction fusion to synthesize a unified global revision
blueprint, which guides controlled editing to produce an optimized document with stable visibility across queries.

tent gaps and proposes targeted revisions to address260

them.261

Formally, for the j-th request derived from query262

qi, we define a structured request tuple:263

ri,j = ⟨ei,j , ui,j , si,j⟩ (4)264

where ei,j is the excerpt-based anchor locating the265

target text, ui,j is the specific revision suggestion,266

and si,j is a quantitative necessity score (0–100).267

Adopting the scalar evaluation methodology vali-268

dated in (Liu et al., 2023), we employ this score269

to explicitly measure the criticality of the fix for270

satisfying qi, distinguishing essential edits from271

marginal improvements. Aggregating these out-272

puts yields a diverged request pool R = {ri,j},273

which serves as the raw material for the subsequent274

conflict-aware fusion.275

4.3 Conflict-Aware Instruction Fusion276

4.3.1 Prioritization and Deduplication277

The converge phase begins by consolidating the di-278

verged request pool R into a compact, high-signal279

candidate set. First, to identify requests with high280

cross-query importance, we compute a global pri-281

ority score for each item:282

gi,j = wi · si,j (5)283

where wi is the query weight and si,j is the ne-284

cessity score. We filter out low-priority requests285

falling below a threshold τ to control perturbation.286

Next, we perform semantic deduplication to re- 287

move redundancy. Requests targeting overlapping 288

anchors with similar revision goals are merged into 289

a single meta-request. These merged items inherit 290

the highest necessity score from their constituents 291

and are standardized with concise topic tags. This 292

step reduces the raw pool into a smaller set of well- 293

scoped candidates, ready for conflict resolution. 294

4.3.2 Conflict Resolution 295

Following deduplication, the system addresses mu- 296

tually exclusive requests targeting the same con- 297

tent. IF-GEO employs a priority-based resolution 298

strategy. Instead of relying on a rigid numerical 299

threshold, we delegate the decision to the model, 300

instructing it to evaluate the priority scores (g) in 301

context to determine the appropriate action: 302

• Selection: When the model perceives a signifi- 303

cant priority gap, the higher-scoring instruction 304

is strictly retained, and the conflicting one is dis- 305

carded. 306

• Synthesis: When the model determines that pri- 307

ority scores are comparable (gi ≈ gj), it gen- 308

erates a new compromise instruction. This in- 309

struction balances the valid needs of both queries 310

rather than satisfying only one. 311

This approach leverages the model’s semantic 312

reasoning capabilities to handle edge cases more 313

flexibly than hard-coded rules. 314
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4.3.3 Blueprint Construction315

As the final step of the converge phase, we consoli-316

date the fused instructions into a Global Revision317

Blueprint. This step is crucial for coordinating318

the competing needs of multiple queries within a319

shared content budget. We map individual instruc-320

tions to their corresponding document sections and321

aggregate them into ordered plan items. By organiz-322

ing revisions structurally rather than sequentially323

by query, the blueprint ensures that distinct opti-324

mization goals are integrated coherently. The325

resulting JSON blueprint serves as a strict execu-326

tion contract, effectively resolving the structural327

conflicts between queries and preventing the incon-328

sistent edits typical of single-pass optimization.329

4.3.4 Blueprint-Guided Revision330

In the final step, IF-GEO uses the Revision331

Blueprint to generate the optimized document D′.332

The revision model acts as a constrained editor,333

strictly following the blueprint instructions to mod-334

ify the document section by section. Crucially, the335

system explicitly instructs the model to preserve336

all unmentioned sections exactly as is. This strict337

adherence ensures that the global optimization strat-338

egy is implemented accurately without introducing339

free-form rewriting or unintended content drift.340

4.4 Risk-Aware Optimization Objective341

Standard visibility maximization often masks tail342

degradations and conflates beneficial upside with343

harmful downside volatility. To address this, we344

formally integrate risk-aware stability metrics into345

the IF-GEO objective. Beyond maximizing ex-346

pected gain E[∆v], we explicitly safeguard cross-347

query stability through three dimensions:348

• Worst Case Performance (WCP) establishes a349

safety lower bound by capturing the maximum350

single-query drop (Ben-Tal and Nemirovski,351

1998):352

WCP =
m
min
i=1

∆vi. (6)353

• Downside Risk (DR) exclusively penalizes the354

magnitude of negative gains to distinguish harm-355

ful failures from beneficial volatility (Mamoghli356

and Daboussi, 2009):357

DR =
1

m

m∑
i=1

(
min(0,∆vi)

)2
. (7)358

• Win-Tie Rate (WTR) quantifies the coverage of359

non-regressive optimization, serving as a proxy360

for Pareto optimality without collateral dam- 361

age(Radlinski et al., 2008): 362

WTR =
1

m

m∑
i=1

I(∆vi ≥ 0). (8) 363

In summary, IF-GEO seeks to maximize visibil- 364

ity gain subject to minimizing DR and maximizing 365

WCP and WTR. 366

5 Experimental Setup 367

5.1 Dataset 368

To evaluate performance in a realistic multi-query 369

scenario, we adopt the benchmark introduced by 370

RAID (Chen et al., 2025b), which expands the 371

widely-used GEO-Bench (Aggarwal et al., 2024). 372

In this dataset, each document D is originally 373

a top-ranked result (top-5) retrieved by Google 374

Search for a real-world source query. Building 375

on this high-relevance foundation, RAID extends 376

each source query into a cluster of five related 377

queries. Crucially, these queries go beyond sim- 378

ple rephrasing that they constitute a multifaceted 379

inquiry into the document’s topic, targeting dis- 380

tinct informational dimensions (e.g., definition, 381

usage, pros/cons) rather than mere lexical varia- 382

tions. This construction forms a query set that ef- 383

fectively serves as a concrete instantiation of the 384

representative query set described in our problem 385

definition. Using this dataset allows us to move 386

beyond single-query evaluation and test whether 387

IF-GEO’s optimized document maintains high visi- 388

bility and stability across diverse user queries. 389

5.2 Baselines 390

We benchmark IF-GEO against three representa- 391

tive methods covering the primary paradigms in 392

Generative Engine Optimization: 393

Heuristic-based: GEO (Aggarwal et al., 2024). 394

Representing static, query-agnostic optimization, 395

this framework applies nine human-designed 396

heuristic rules. We evaluate all nine strategies, 397

ranging from stylistic interventions (e.g., AUTHOR- 398

ITATIVE) to content enrichment (e.g., STATISTICS 399

ADDITION, CITE SOURCES). 400

Intent-based: RAID G-SEO (Chen et al., 2025b). 401

Representing intent-driven optimization, RAID em- 402

ploys a “4W” multi-role reflection mechanism to 403

infer and refine latent user search intents. It guides 404

content rewriting by deepening a single, focused 405

intent trajectory. 406
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Table 1: Comparison of IF-GEO with baseline methods on objective and subjective visibility improvements. We
report overall improvement (Mean) to summarize average gains. Underlined indicates the best baseline.

Method Objective Impression Subjective Impression

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

Tran. SEO 1.83 1.77 1.84 1.44 1.62 1.24 1.50 1.44 1.73 1.58 1.51
Uniq. Word -0.70 -1.00 -0.79 -0.20 -0.16 -0.44 -0.42 -0.46 -0.71 -0.38 -0.39
Simp. Expr. 0.16 0.28 0.28 0.59 0.84 0.73 0.72 0.35 1.02 0.57 0.69
Auth. Expr. 0.97 0.88 0.92 0.56 1.08 0.60 0.86 0.57 1.29 0.74 0.81
Flue. Expr. 0.92 0.94 1.03 0.52 0.82 0.48 0.48 0.29 1.23 0.56 0.63
Term. Addi. 1.00 1.07 1.17 0.71 1.22 0.50 0.73 0.43 1.06 0.63 0.75
Cite Sources 4.47 4.59 4.71 3.17 3.45 3.36 3.16 2.96 3.83 3.26 3.31
Quot. Addi. 4.29 4.19 4.23 2.57 2.87 3.10 2.45 2.25 3.28 2.48 2.71
Stat. Addi. 3.28 3.39 3.49 2.15 2.48 2.54 1.97 1.89 3.01 2.16 2.31
RAID 1.06 0.78 0.88 1.44 1.75 1.40 1.08 0.84 1.68 1.34 1.36
Auto-GEO 7.80 7.64 7.59 4.99 5.68 5.18 4.74 4.19 6.63 4.77 5.30

IF-GEO 11.07 11.15 11.03 5.12 6.16 5.90 5.29 5.34 7.32 5.98 5.87

Preference-based: Auto-GEO (Wu et al., 2025).407

Representing data-driven optimization, this frame-408

work automatically learns generative engine prefer-409

ences from large-scale ranking data. We apply the410

learned, engine-specific rule sets to optimize target411

documents based on global utility signals.412

For a fair comparison, all baselines and IF-GEO413

are implemented using the same underlying LLM414

(GPT-4o-mini) and decoding configurations to iso-415

late the impact of the optimization methodology.416

5.3 Evaluation Metrics417

Following the protocol in GEO-bench (Aggarwal418

et al., 2024), we evaluate both overall visibility419

and cross-query stability. For each query qi, we420

compute the visibility score v(D, qi) and the opti-421

mization gain ∆vi.422

Visibility Instantiations v(·). We instantiate v(·)423

with: (i) Objective Impression, the Position-424

Adjusted Word Count (PAWC) that weights cited425

text volume by citation position; and (ii) Sub-426

jective Impression, a qualitative LLM-as-a-judge427

score implemented via G-EVAL (Liu et al., 2023)428

and normalized to match PAWC statistics following429

(Aggarwal et al., 2024).430

Aggregation Strategies A(·). To comprehen-431

sively evaluate the gain vector {∆vi}mi=1, we in-432

stantiate the aggregation functional A(·) (defined433

in §??) using distinct criteria. We report Mean434

and Variance to measure general effectiveness and435

volatility. Crucially, to evaluate the safety objec-436

tives formulated in §4.4, we report Worst-Case437

Performance (WCP), Downside Risk (DR), and438

Win-Tie Rate (WTR). All metrics are computed 439

per document and averaged over the evaluation set. 440

5.4 Experimental Environment and Setting 441

We follow the simulated generative engine setup 442

and evaluation protocol in GEO (Aggarwal et al., 443

2024) for reproducibility. All experiments are con- 444

ducted under a single target generative engine, GPT- 445

4o-mini, using the same decoding parameters as 446

GEO to ensure comparability. 447

For IF-GEO, all internal calls use the same 448

model. Unless otherwise specified, we use: 449

query expansion size Nq=5, suggestions per query 450

Ns=5, internal temperature 0.2, and global priority 451

filtering threshold τ=0.7. We analyze the impact 452

of query expansion size in §6.3. 453

Due to the cost of generative-engine evalua- 454

tion, different experiments use different numbers 455

of queries. Unless otherwise specified, main results 456

are evaluated on 1,000 queries, matching the origi- 457

nal GEO test set. Ablation studies use 250 queries, 458

and the query expansion analysis in §6.3 uses 500 459

queries. All queries are sampled from the same 460

distribution. 461

6 Experiments 462

6.1 Main Results 463

Overall effectiveness. Table 1 compares IF-GEO 464

with a diverse set of baselines. IF-GEO achieves 465

the best performance across all objective and sub- 466

jective dimensions, reaching an objective overall 467

score of 11.03 and a subjective average of 5.87. No- 468

tably, Auto-GEO forms the strongest baseline tier 469

6



Table 2: Comparison of IF-GEO with baseline methods in robustness and stability across queries. We report variance
(VAR↓), worst-case performance (WCP↑), win–tie rate (WTR↑), and downside risk (DR↓) for both the primary
objective metric (Obj. Overall) and subjective metric (Subj. Average).

Method Objective (Overall) Subjective (Average)

VAR (↓) WCP (↑) WTR (↑) DR (↓) VAR (↓) WCP (↑) WTR (↑) DR (↓)

Tran. SEO 0.0147 -0.0878 68.93% 0.0062 0.0199 -0.1026 88.19% 0.0080
Uniq. Word 0.0157 -0.1316 61.04% 0.0095 0.0226 -0.1361 85.34% 0.0130
Simp. Expr. 0.0116 -0.1051 66.43% 0.0058 0.0156 -0.0939 88.17% 0.0073
Auth. Expr. 0.0136 -0.1018 65.84% 0.0065 0.0200 -0.1148 86.89% 0.0089
Flue. Expr. 0.0130 -0.1028 68.93% 0.0061 0.0187 -0.1084 87.38% 0.0091
Term. Addi. 0.0143 -0.1113 67.31% 0.0062 0.0216 -0.1266 86.61% 0.0103
Cite Sources 0.0165 -0.0785 72.06% 0.0044 0.0209 -0.0892 88.93% 0.0070
Quot. Addi. 0.0173 -0.0831 70.56% 0.0055 0.0218 -0.1013 88.25% 0.0087
Stat. Addi. 0.0173 -0.0901 72.58% 0.0060 0.0203 -0.0946 88.48% 0.0074
RAID 0.0166 -0.1141 64.50% 0.0088 0.0195 -0.1100 82.37% 0.0089
Auto-GEO 0.0159 -0.0511 73.56% 0.0043 0.0203 -0.0798 84.19% 0.0064

IF-GEO 0.0189 -0.0090 80.50% 0.0023 0.0116 -0.0419 85.56% 0.0036

across nearly all dimensions, reflecting the effec-470

tiveness of explicitly extracted generative-engine471

preference rules in shaping citation- and visibility-472

oriented content. RAID yields limited gains in our473

simulation. This performance lag likely stems from474

its singular query trajectory—converging on one475

refined query from a single initial estimate —which476

fails to sufficiently span the latent queries or cap-477

ture heterogeneous user expectations. Within GEO478

heuristics, evidence-driven strategies (e.g., CITE479

SOURCES, QUOTE ADDITION) are consistently480

strongest, while lexical interventions (e.g., UNIQ.481

WORD) can even hurt performance.482

Robustness and stability. Beyond average gains,483

Table 2 reports stability summaries over the la-484

tent queries. IF-GEO achieves the best objective485

WCP and the lowest DR, indicating strong protec-486

tion against query-specific regressions. Notably, a487

higher VAR does not necessarily imply worse tail488

stability, as variance captures both positive and neg-489

ative dispersion. DR and WCP more directly char-490

acterize downside behavior across queries. While491

Auto-GEO is the strongest baseline on several tail-492

oriented criteria, it still exhibits larger worst query493

drops than IF-GEO, and heuristic methods remain494

more brittle.495

Overall, these results confirm that explicitly coor-496

dinating revisions to resolve conflicts yields higher497

and safer holistic visibility than applying isolated,498

query-agnostic edits.499

6.2 Ablation Study500

To quantify each component’s contribution, we501

ablate IF-GEO by removing conflict resolution,502

Table 3: Ablation study of IF-GEO. We report the over-
all objective score (Mean) and stability metrics (VAR,
WCP, WTR, DR) to demonstrate the contribution of
each component.

Variant Mean (↑) VAR (↓) WCP (↑) WTR (↑) DR (↓)

IF-GEO (Full) 9.24 0.0156 -0.0328 80.80% 0.0021

w/o Blueprint 8.18 0.0167 -0.0517 81.20% 0.0021
w/o Instru. Fusion 7.07 0.0156 -0.0569 74.80% 0.0043
w/o Conflict Res. 6.14 0.0174 -0.0713 77.20% 0.0032

blueprint construction, or the entire instruction 503

fusion stage (Phase II). Table 3 reveals a clear 504

division of labor. Conflict resolution acts as a 505

safety guardrail: without it, incompatible query- 506

specific edits propagate into execution, producing 507

the largest overall drop and the worst tail behavior 508

(more negative WCP and higher DR). Instruction 509

fusion is the main stabilizer across queries: remov- 510

ing it most strongly reduces reliability (WTR) and 511

amplifies downside risk, consistent with uncoordi- 512

nated local requests being redundant or misaligned 513

when aggregated. In contrast, blueprint construc- 514

tion primarily affects gain realizability—removing 515

it lowers the achievable overall score while leaving 516

DR essentially unchanged. Together, these results 517

suggest a separation of concerns: conflict resolu- 518

tion and instruction fusion primarily affect stability 519

across queries, while blueprint construction mainly 520

improves the executability of the aggregated edits. 521

6.3 Impact of query expansion Size 522

We examine the scaling behavior of IF-GEO by 523

varying the number of expanded queries N ∈ 524

{1, 3, 5, 7, 9} while keeping other hyperparameters 525

fixed. Figure 3 shows that increasing N yields 526

7



Figure 3: Effect of query expansion size N on performance and stability. (a) Overall objective performance (Mean).
(b) Win–tie rate (WTR). (c) Worst-case performance (WCP). (d) Volatility metrics: variance (VAR) and downside
risk (DR; lower is better).

consistent gains: the objective mean performance527

rises monotonically from 8.06 at N=1 to 10.02528

at N=9 (Figure 3a). Stability also improves over-529

all as query coverage expands, with lower down-530

side risk and less negative worst-case performance.531

However, these stability gains exhibit diminishing532

returns beyond N=5 (Figure 3b–d): WTR peaks533

at N=5 (80.00%) and then fluctuates, while DR534

and WCP change only marginally from N=5 to535

N=9. Since computation scales roughly linearly536

with N due to query generation and fusion over-537

head, we adopt N=5 as a balanced default that538

achieves near-peak stability with competitive gains539

at substantially lower latency.540

6.4 Adaptability Analysis541

We further examine the adaptability of IF-GEO542

under two realistic variations: changing the un-543

derlying generative engine and varying the initial544

ranking of optimized documents.545

Cross-model generalization. We evaluate IF-546

GEO on a different generation model, Gemini-547

2.0-Flash, without any method-specific tuning.548

As shown in Appendix E, IF-GEO consistently549

achieves the strongest objective gains and favor-550

able stability profiles compared with all baselines.551

Notably, while Auto-GEO remains a competitive552

baseline by leveraging engine-specific preference553

rules, IF-GEO preserves its advantages in worst-554

case performance and win–tie rate, suggesting that555

explicit cross-query consolidation generalizes be-556

yond a single generative engine.557

Sensitivity to initial document ranking. We fur-558

ther analyze IF-GEO by stratifying documents ac-559

cording to their initial ranking positions prior to560

optimization. Results in Appendix D show that561

IF-GEO yields consistent improvements across562

all rank buckets, rather than concentrating gains563

on already well-ranked documents. In particu-564

lar, both objective and subjective metrics indicate 565

stable worst-case performance and low downside 566

risk even for lower-ranked inputs, suggesting that 567

IF-GEO improves content robustness rather than 568

merely exploiting positional advantages. 569

7 Conclusion 570

We study Generative Engine Optimization, aiming 571

to improve a document’s visibility across a repre- 572

sentative query set while maintaining cross-query 573

stability. We propose IF-GEO, a “diverge-then- 574

converge” framework that discovers latent queries, 575

elicits query-specific edit requests (instruction can- 576

didates), and fuses them via prioritization, dedupli- 577

cation, and conflict resolution into a unified, exe- 578

cutable revision blueprint for blueprint-guided edit- 579

ing. Experiments on GEO-Bench under GPT-4o- 580

mini show that IF-GEO surpasses strong baselines, 581

achieving higher overall gains with lower downside 582

risk. These results underscore the importance of 583

explicitly coordinating competing revision signals 584

for robust GEO beyond single-query tuning. 585

8 Limitations 586

Despite its effectiveness, our work has three main 587

limitations. First, Inference Cost. The multi-stage 588

“diverge-then-converge” workflow involves multi- 589

ple LLM calls, resulting in higher token consump- 590

tion than single-pass baselines. Second, Simula- 591

tion Gap. Following standard GEO protocols, we 592

rely on LLM-simulated environments (e.g., GPT- 593

4o-mini). While reproducible, these simulations 594

may not perfectly mirror the commercial engines. 595

Third, Dependency on Query Discovery. The 596

quality of the Global Revision Blueprint hinges 597

on the representativeness of the mined queries. If 598

the initial query expansion fails to capture the true 599

latent search intent distribution, the subsequent op- 600

timization may be misaligned. 601
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A Multi-query Competition Diagnostic754

This appendix reports a diagnostic experiment that755

empirically examines the competitive effects in-756

duced by per-query tuning in Multi-query GEO.757

The purpose is not to compare IF-GEO with base-758

lines, but to provide quantitative evidence for the759

motivation that optimizing a document for one760

query can concentrate gains on that query and yield761

uneven outcomes across the remaining queries.762

Experimental Setup. We use the same dataset, 763

query sets, and evaluation pipeline as in the main 764

experiments. Each instance contains one document 765

and a representative query set of fixed size K=5 766

(constructed following the GEO-Bench setting), 767

with no additional filtering or re-sampling. 768

For each document, we elicit query-conditioned 769

edit requests independently for all queries using the 770

same request format as IF-GEO. We then uniformly 771

sample one query as the target i∗ and perform a 772

single per-query optimization pass that rewrites 773

the document using only the requests associated 774

with i∗. No information from the other queries is 775

used during rewriting, and no cross-query fusion is 776

performed. 777

We evaluate visibility before and after per-query 778

tuning under all K queries using the primary ob- 779

jective visibility metric (Obj. Overall), following 780

the definitions in Section 5.3. 781

Metrics. We report three statistics for each cate- 782

gory: (i) Mean Gain, the average visibility improve- 783

ment; (ii) P (gain < 0), the rate of negative gain; 784

and (iii) Downside Magnitude (DM), defined as 785

E[−min(0, gain)], which measures the expected 786

magnitude of negative outcomes. DM is an inter- 787

pretable L1 analogue of the main-text downside 788

risk metric DR (which squares negative gains), and 789

is reported here only for diagnostic analysis. For 790

relative spillover, we compute the same statistics 791

over rj . 792

Results. Table 4 summarizes the outcomes over 793

202 records (200 documents, 808 (i∗, j) pairs) un- 794

der the primary objective metric (Obj. Overall). 795

per-query tuning exhibits a clear asymmetric im- 796

provement pattern across the query set. The opti- 797

mized (target) query i∗ achieves a substantially 798

larger mean gain (0.277), with a relatively low 799

negative-gain rate (P (gain < 0) = 0.124) and 800

small downside magnitude (DM=0.017). In con- 801

trast, the non-target queries (j ̸= i∗) show weaker 802

and less reliable improvements: while the mean 803

gain remains positive (0.087), the negative-gain 804

rate more than doubles (0.306) and DM increases 805

to 0.036. 806

Relative spillover further indicates systematic 807

concentration of gains on the target query. On 808

average, non-target queries lag behind the opti- 809

mized query by 0.189 (mean spillover = −0.189), 810

and in 69.2% of query pairs the spillover is neg- 811

ative (P (rj < 0) = 0.692). Moreover, the large 812

spillover downside magnitude (DM=0.228) sug- 813
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Table 4: Gain allocation skew under per-query tuning
(primary objective metric, Obj. Overall). We report
mean gain, the negative-gain rate P (gain < 0), and
downside magnitude (DM) for the optimized query (i∗),
the non-target queries (j ̸= i∗), and relative spillover
(rj), aggregated over all (i∗, j) pairs.

Mean Gain P (gain < 0) DM

Optimized query 0.277 0.124 0.017
Non-target queries 0.087 0.306 0.036

Relative spillover -0.189 0.692 0.228

gests that when non-target queries fall behind, the814

gap is often substantial rather than marginal.815

Discussion. Overall, this diagnostic indicates816

that single-query tuning primarily induces a pro-817

nounced gain allocation skew within the represen-818

tative query set. Rather than causing pervasive819

absolute degradation on other queries, it tends to820

concentrate improvements on the optimized query821

while leaving the remaining queries with smaller822

and notably less stable benefits. This pattern mo-823

tivates the need for global coordination over the824

query set—to achieve reliable and well-distributed825

improvements under a shared content budget—as826

pursued by IF-GEO in the main method.827

B Prompts Used in IF-GEO828

This section documents the main prompts used in829

IF-GEO. All prompts are shown in their original830

form to ensure full transparency and reproducibility.831

They correspond to different steps of the IF-GEO832

pipeline and are executed sequentially.833

Query Mining.834

System Prompt:
You are a search log analyst. You study how real users
search on the web. Your task is to infer what queries
users are most likely to type when they are trying to find
or understand the content of a given webpage.

Task Description:
Based on the webpage content provided by the user,
infer realistic search queries that would naturally lead
them to this page.

Your Goals:
• Generate {num_queries} queries that reflect

different aspects of the main theme.
• Focus on the central topic, not specific details (e.g.,

trivial facts).
• Ensure queries are natural, diverse, and not simple

paraphrases.
• For each query, estimate a probability score (0–100)

reflecting real-world likelihood.

Output Format:
You must return ONLY a valid JSON object. Do not

835

include markdown formatting or any other text. The
format must be exactly:

{
"queries": [

{
"query": "the inferred user query string",
"probability": 85

}
]

}
836

Query-specific Request Generation. 837

System Prompt:
You are an assistant who reviews how well a given
webpage can answer a specific user query. Your goal is
to identify concrete weaknesses in the webpage and
propose clear, actionable revision suggestions.

Task Description:
You will receive a user query and a webpage text.
Your task:
• Evaluate how well the webpage text could answer the

query.
• Identify specific weaknesses in the text that may

prevent a strong answer.
• Produce up to {suggestions_num} revision

suggestions that would improve the webpage’s ability
to answer the query.

Requirements for Each Suggestion:
• Target Specificity: Refer to a specific part, sentence,

or paragraph of the webpage.
• Excerpt: Include a short excerpt (quoted or partially

quoted) to make the target explicit.
• Actionable: Describe how to modify that part (e.g.,

add missing details, clarify wording, restructure,
simplify).

• Necessity Score: Include a necessity score (0–100)
indicating importance for answering the query.

Output Format (JSON Only):
Return ONLY a valid JSON object. Do not include
markdown formatting or any other text. The format must
be exactly:

{
"suggestions": [

{
"excerpt": "short excerpt",
"suggestion": "revision details",
"necessity": 85

}
]

}
838

Prioritization and Deduplication. 839

System Prompt:
You are a Senior Editor consolidating feedback from
multiple readers.

Task:
You are provided with a list of revision suggestions
grouped by user queries. Your goal is to flatten this list
and merge duplicate suggestions that target the same
content or issue.

Rules:
• De-duplicate: Merge suggestions ONLY if they

840

11



target the same semantic topic AND apply to the
same approximate location (excerpt) in the text.
– Constraint: Do NOT merge suggestions that target

widely separated paragraphs (e.g., “Intro” vs
“Conclusion”), even if they are thematically related.
Keep them as separate items with the same topic
tag.

• Filter: Discard suggestions with necessity < 60
unless they address a critical factual error.

• Standardize: Output a flat list. Assign a short topic
tag to each.

Output Format (JSON Only):
Return ONLY a valid JSON list. Do not include
markdown formatting. Example:

[
{

"id": "suggest_1",
"topic": "eg.Comparison Table",
"excerpt": "short excerpt",
"suggestion": "modify-suggestion content",
"necessity": 95

}
]

841

Conflict Resolution.842

System Prompt:
You are a Logic Arbiter resolving content revision
conflicts.

Task:
Examine the provided list of suggestions. Detect logical
conflicts (where two or more suggestions cannot be
simultaneously implemented) and resolve them
according to the following priority-based rules.

Rules:
• Detect Conflicts: Look for instructions targeting the

same excerpt or topic that are mutually exclusive
(e.g., “Delete section” vs “Expand section”).

• Resolve:
– If conflict exists, prioritize the instruction with

higher necessity.
– If instructions are compatible (e.g., “Shorten text”

AND “Add link”), combine them into one
instruction.

• Output: A final, clean list of instructions.

Output Format (JSON Only):
Return ONLY a valid JSON list. Do not include
markdown formatting. Example:

[
{

"id": "suggest_1",
"excerpt": "original excerpt",
"suggestion": "instruction text..."

}
]

843

Blueprint Construction.844

System Prompt:
You are a Content Architect & Strategist.

Task:
You are given a webpage and a set of logic-checked
revision instructions. Your goal is to create a Master
Revision Plan that maps these instructions to the

845

webpage structure.

Process:
• Analyze Structure: Read the webpage to understand

its current flow (Intro → Body → Conclusion).
• Map & Group: Assign each instruction to a specific

logical section of the webpage.
– If multiple instructions target the same section (e.g.,

“Add history” and “Fix grammar” both in Intro),
GROUP them into one plan item.

– If an instruction requires a new section, decide the
best insertion point to maintain flow.

• Plan: Output a structured blueprint.

Output Format (JSON Only):
Return ONLY a valid JSON object. Do not include
markdown formatting. Example:

{
"revision_blueprint": [

{
"section_name": "Introduction",
"target_location": "...",
"modification_intent": "...",
"directives": [

"Integrate instruction #1: ...",
"Integrate instruction #5: ..."

],
"format_note": "Keep as text paragraphs."
}

]
}

846

Blueprint-Guided Revision. 847

System Prompt:
You are an expert Content Engineer and GEO
(Generative Engine Optimization) Specialist.

Task:
Your task is to rewrite a given webpage content by
strictly following a provided “Revision Blueprint”.

Rules:
• Full Output: You must output the ENTIRE rewritten

webpage. Do not summarize, do not omit sections,
and do not use placeholders like “[...rest of text
remains same...]”.

• Strict Execution: Implement every directive in the
Blueprint (e.g., inserting tables, adding links,
rewriting paragraphs, adding new sections).

• Preservation: For sections NOT mentioned in the
Blueprint, preserve the original text and structure
exactly as is.

• Formatting: Use standard Markdown. If the
Blueprint asks for a table, render a valid Markdown
table.

• Tone: If the Blueprint specifies a tone change (e.g.,
“professional”), apply it effectively to the target
section.

Output:
Return only the final rewritten content in Markdown
format.

848

C Qualitative Case Study 849

This appendix presents one end-to-end example, 850

organized by IF-GEO steps. For readability, we 851

use ellipses (. . . ) to indicate omitted spans. 852
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C.1 Input Document853

We start from the original document snippet, where854

terminology around coagulopathy is easy to misin-855

terpret without careful disambiguation.856

Document snippet
“Coagulopathy is a condition in which the blood’s ability
to for. . . , leading to a tendency towards prolonged or
excessive bleeding.
It can occur spontaneously or following an injury or
medical procedure.
. . . Coagulopathies are sometimes mistakenly referred to
as ‘clotti. . . haracterized by a predisposition to excessive
clot formation. . . . ”

857

C.2 Query Mining858

IF-GEO first mines a diverse query set (queries)859

that could reasonably lead to the document, with860

associated weights (here shown as probabilities).861

• what is coagulopathy and its symptoms
(p=0.90)

• causes and treatment options for
coagulopathy (p=0.85)

• how does coagulopathy affect bleeding risk
(p=0.80)

• difference between coagulopathy and
clotting disorders (p=0.75)

• emergency management of coagulopathy in
trauma patients (p=0.70)

862

C.3 Query-specific Request Generation.863

Given each query, the system generates localized864

edit requests. Here we show the merged pool of865

core suggestions before conflict-aware instruction866

fusion.867

• Excerpt: Coagulopathy is a condition in which the
blood’s ability to form clots is impaired. . .
Suggestion: Simplify this definition to make it more
accessible. For example. . . bleeding.’ This will help
readers grasp the concept more easily.
Necessity: 75

• Excerpt: Coagulopathies are sometimes mistakenly
referred. . . as ‘clotting disorders,’ but they are actually
the opposite. . .
Suggestion: Provide a brief explanation or definition
of ‘clotting disorders’. . . coagulopathy is the opposite
of what they may mistakenly believe.
Necessity: 70

• Excerpt: Coagulopathies are sometimes mistakenly
referred. . . , characterized by a predisposition to
excessive clot formation.
Suggestion: Clarify the distinction between
coagulopathy and clotting disord. . . rs understand why
coagulopathy leads to increased bleeding risk.
Necessity: 80

• Excerpt: Coagulopathies are sometimes mistakenly
referred to as “clotti. . . , characterized by a
predisposition to excessive clot formation.
Suggestion: Clarify the distinction between
coagulopathy and clotting disord. . . te clot formation
and explain how they differ from coagulopathy.

868

Necessity: 90
869

C.4 Conflict-Aware Instruction Fusion 870

Multiple suggestions target overlapping anchors 871

but imply incompatible framing. IF-GEO resolves 872

these conflicts by producing a compact, globally 873

consistent revision blueprint. 874

Section name: Definition and Terminology Clarification
Target location: The opening definition sentence
starting with . . . followed by the sentence mentioning
‘clotting disorders’ . . .
Modification intent: Make the lead definition more
accessible w. . . biguation and unifying terminology to
prevent misinterpretation.
Directives:
1. Integrate instruction #1: Rewrite the opening

definitio. . . ding multi-term contrasts inside this first
definition sentence.

2. Integrate instruction #2: Add a compact
disambiguation (1–2 se. . . aired clot formation and
bleeding risk, not excessive clotting).

3. Integrate instruction #3: Resolve inconsistent
wording by unif. . . reader cannot misinterpret
coagulopathy as “excessive clotting”.

Format note: Keep within the opening paragraph; add
at most 1–2 clarification sentences and do not introduce
new sections.

875

C.5 Blueprint-Guided Revision 876

Finally, the document is edited under the blueprint 877

constraints to balance readability and terminologi- 878

cal correctness with minimal, localized changes. 879

Document snippet (after, expected).
“Coagulopathy is a condition in which the blood’s ability
to for. . . m clots is impaired, leading to prolonged or
excessive bleeding.
It can occur spontaneously or following an injury or
medical procedure.
. . . The term is sometimes confused with ‘clotting
disorders,’ a br. . . n increased risk of bleeding, rather
than excessive clotting. . . . ”

880

C.6 Token Breakdown of IF-GEO 881

Unlike conventional single-pass GEO baselines 882

that rewrite a document once, IF-GEO performs 883

a two-stage “diverge-then-converge” workflow, 884

where each stage targets a distinct task. Table 5 re- 885

ports the average token consumption per document 886

for each step, aggregated over the evaluation set 887

(prompt+completion tokens). 888

The dominant cost comes from Instruction Fu- 889

sion, which consolidates query-specific edit re- 890

quests into a single executable global revision 891

blueprint. This stage involves joint reasoning over 892

partially overlapping directives (e.g., deduplica- 893

tion, prioritization, and arbitration), and therefore 894
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Table 5: Average token consumption per stage in IF-
GEO (per document).

Stage Avg. Tokens

Query Mining 1270.6
Edit Request Generation 1749.8
Instruction Fusion 4487.6
Blueprint-Guided Revision 2819.8

Total 10327.7

Table 6: Average token consumption of single-pass
GEO baselines (per document).

Method Avg. Tokens

Tran. SEO 2653.9
Uniq. Word 2282.8
Simp. Expr. 2204.3
Auth. Expr. 2483.7
Flue. Expr. 2171.6
Term. Addi. 2392.4
Cite Sources 2535.0
Quot. Addi. 2589.5
Stat. Addi. 2802.2

scales with the diversity of intents and the number895

of candidate requests rather than redundant text896

generation.897

C.7 Comparison with Single-Pass GEO898

Baselines899

For reference, Table 6 reports the token consump-900

tion of representative single-pass GEO baselines,901

each executed once per document under the same902

model configuration. These baselines apply local-903

ized rewriting heuristics without explicitly coordi-904

nating across the representative query set.905

As expected, single-pass baselines incur substan-906

tially lower token usage, since they do not explore907

multiple queries nor perform cross-query consoli-908

dation.909

D Performance Stratified by Initial910

Document Ranking911

This appendix complements the sensitivity to ini-912

tial document ranking analysis in Section 6.4. We913

stratify evaluation instances by their initial rank-914

ing position prior to optimization and report rank-915

bucketed performance of IF-GEO. The goal is to916

verify that improvements are not confined to al-917

ready well-ranked inputs, but persist across ranking918

strata.919

Rank buckets. Each instance is assigned to one920

of five buckets (Rank1–Rank5) according to its921

Table 7: Objective visibility on Gemini-2.0-Flash (pri-
mary objective metric: Obj. Overall). We report mean
improvement (Mean↑) and stability summaries (VAR↓,
WCP↑, WTR↑, DR↓).

Method Mean VAR WCP WTR DR

Tran. SEO 1.93 0.0252 -0.1313 70.28% 0.0089
Uniq. Word -5.99 0.0290 -0.2187 56.12% 0.0279
Simp. Expr. -0.88 0.0196 -0.1496 65.24% 0.0127
Auth. Expr. -0.02 0.0241 -0.1474 65.08% 0.0137
Flue. Expr. -1.93 0.0267 -0.1834 62.56% 0.0176
Term. Addi. 1.31 0.0231 -0.1354 69.33% 0.0102
Cite Sources 2.54 0.0246 -0.1156 74.21% 0.0089
Quot. Addi. 3.10 0.0321 -0.1284 72.58% 0.0099
Stat. Addi. 0.25 0.0190 -0.1345 71.57% 0.0108
RAID 2.80 0.0240 -0.1248 71.43% 0.0099
Auto-GEO 12.99 0.0416 -0.0578 78.91% 0.0083

IF-GEO 14.17 0.0386 -0.0435 84.07% 0.0054

initial ranking position under the same evaluation 922

setting as the main experiments, where Rank1 cor- 923

responds to higher-ranked inputs and Rank5 to 924

lower-ranked inputs. All instances and metrics 925

follow the main evaluation protocol; only the re- 926

porting is stratified by rank. 927

Metrics. For each bucket, we report mean im- 928

provement (Mean) and cross-query stability sum- 929

maries (VAR, WCP, WTR, DR) for both the pri- 930

mary objective metric (Obj. Overall) and the sub- 931

jective metric (Subj. Average), using the same defi- 932

nitions as in Section 5.3. 933

Discussion. IF-GEO yields consistent improve- 934

ments across all rank buckets for both Obj. Over- 935

all and Subj. Average, indicating that gains are 936

not concentrated exclusively on higher-ranked in- 937

puts. In particular, lower-ranked buckets (Rank4– 938

Rank5) still achieve sizable mean improvements 939

while maintaining favorable tail-oriented stability 940

(e.g., competitive WCP/WTR and low DR), sup- 941

porting the claim in Section 6.4 that IF-GEO im- 942

proves content robustness rather than merely ex- 943

ploiting positional advantages. 944

E Evaluation on Gemini-2.0-Flash 945

This appendix complements the cross-model gen- 946

eralization analysis in Section 6.4. We replace 947

the underlying generative engine with Gemini-2.0- 948

Flash and re-evaluate all methods under the same 949

dataset, query sets, and evaluation protocol as in the 950

main experiments. Due to interface limitations, we 951

report only the primary objective visibility metric 952

(Obj. Overall) in this setting. 953

Setup. All GEO baselines, RAID, Auto-GEO, 954

and IF-GEO are re-run on Gemini-2.0-Flash with- 955
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Table 8: Rank-stratified performance of IF-GEO by initial ranking position prior to optimization. We report mean
improvement (Mean↑) and stability summaries (VAR↓, WCP↑, WTR↑, DR↓) for the primary objective metric (Obj.
Overall) and the subjective metric (Subj. Average).

Rank Obj. Overall Subj. Average

Mean (↑) VAR (↓) WCP (↑) WTR (↑) DR (↓) Mean (↑) VAR (↓) WCP (↑) WTR (↑) DR (↓)

IF-GEO 11.03 0.0156 -0.0090 80.50% 0.0023 5.87 0.0116 -0.0419 85.56% 0.0036

Rank1 13.49 0.0174 0.0084 77.92% 0.0033 6.39 0.0140 -0.0431 85.30% 0.0054
Rank2 8.56 0.0121 -0.0281 77.36% 0.0031 6.78 0.0108 -0.0292 84.64% 0.0038
Rank3 8.71 0.0159 -0.0209 82.76% 0.0007 5.65 0.0092 -0.0223 87.59% 0.0008
Rank4 12.24 0.0140 0.0196 87.14% 0.0006 5.20 0.0119 -0.0592 87.55% 0.0028
Rank5 12.14 0.0189 -0.0154 81.43% 0.0022 4.72 0.0114 -0.0587 84.29% 0.0038

out any method-specific tuning. All configura-956

tions follow the main evaluation pipeline; the only957

change is the underlying generative engine.958

Metrics. We report mean improvement (Mean)959

and cross-query stability summaries (VAR, WCP,960

WTR, DR) computed over the representative query961

set, following the same definitions as in Section 5.3.962

Discussion. Table 7 shows that IF-GEO remains963

strong under a different generative engine, achiev-964

ing the largest mean improvement and favorable965

tail-oriented stability (e.g., higher WTR and lower966

DR) among all methods. The overall trend is con-967

sistent with the main results, supporting the cross-968

model generalization claim in Section 6.4.969
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