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Abstract

Generative search introduces failures in query
matching, competitive ranking, and grounded
generation, while conventional SEO and fi-
nal mention metrics often cannot localize
these failures. We present a controlled Stage-
Isolated Evaluation framework that converts
stage-specific errors into targeted revisions of
structured website content. In an industrial
study with an anonymized consumer-health
company, each version is evaluated against nine
fixed competitors using disjoint training, vali-
dation, and held-out test queries. On a 0–100
point scale, the selected checkpoint improves
the test score from 58.78 to 69.98, an 11.20-
point total gain. A budget-matched recursive
baseline without stage-level diagnostics cap-
tures 8.13 points of this gain, leaving a de-
scriptive 3.07-point diagnostic margin. Differ-
ent stages favor different checkpoints, reveal-
ing non-monotonic trade-offs and suggesting
that enterprise generative engine optimization
(GEO) is a multi-objective problem. A small-
scale online pilot provides exploratory evidence
of consistency with commercial engines, while
human annotation supports the reliability of
two generator-side diagnostic labels.

1 Introduction

Current generative engine optimization (GEO)
lacks a unified and reproducible evaluation stan-
dard. In practice, enterprises often rely on repeated
tests on commercial large language model plat-
forms, using isolated indicators such as retrieval
rate, brand mentions, or citation frequency as feed-
back. These platform-dependent measurements are
costly, unstable, and difficult to reproduce, while
providing limited evidence about overall content
performance. More importantly, they cannot deter-
mine whether a failure arises from content retrieval,
competitive ranking, or grounded generation, leav-
ing enterprises without a systematic basis for di-
agnosing and improving their generative-search

visibility. Commercial engines also provide limited
stage-level attribution, and unpublished candidate
revisions cannot be directly evaluated before de-
ployment, motivating the use of a controlled offline
evaluation stack for diagnostic analysis.

To address this limitation, we propose a Stage-
Isolated Evaluation framework that separately as-
sesses enterprise content at the retrieval, rerank-
ing, and generation stages. The framework assigns
stage-specific scores and produces diagnostic feed-
back on missing query coverage, weak competitive
evidence, and unsupported or underused content.
Based on these signals, we further introduce a re-
cursive optimization procedure that revises a struc-
tured site-level representation (hereafter, sitemap,
distinct from the conventional XML sitemap used
by web crawlers), selects checkpoints on a held-out
validation set, and evaluates the selected version
on unseen test queries. The proposed approach
therefore provides a reproducible offline evaluation
protocol and an actionable diagnostic method for
studying and improving enterprise visibility in gen-
erative search, without assuming that offline gains
necessarily transfer to commercial engines.

Our contributions are threefold:

1. We introduce a Stage-Isolated Evaluation
framework that separately measures retrieval, com-
petitive ranking, and grounded generation under a
controlled and reproducible offline protocol.

2. We develop a recursive optimization proce-
dure that converts stage-level diagnostics into tar-
geted site revisions and selects the best checkpoint
using a held-out validation set.

3. We evaluate the framework in an industrial
competitive setting with fixed competitors and dis-
joint query splits. Different stages favor different
checkpoints, revealing stage-level trade-offs, while
a small-scale online pilot provides only exploratory
evidence of offline-to-online consistency.
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2 Related Work

Traditional SEO evaluates webpage visibility
through rankings, keyword matching, impressions,
and clicks. Generative search introduces a different
pipeline in which content must be retrieved, ranked
as useful evidence, and incorporated into a syn-
thesized answer. Consequently, final mentions or
citations alone cannot determine whether visibility
was lost during retrieval, reranking, or generation
(Aggarwal et al., 2023; Chen et al., 2025a). Com-
mercial systems further rely on proprietary RAG
pipelines and produce results that vary across re-
peated runs, prompts, and time (Chen et al., 2025b;
Grossman et al., 2026; Schulte et al., 2026), moti-
vating controlled and repeatable evaluation.

Recent work has extended GEO evaluation be-
yond final visibility. Kim et al. (2026) separately
evaluate retrieval, reranking, and generation, while
Zhang et al. (2026) distinguish citation selection
from citation absorption, showing that source in-
clusion does not guarantee substantive use in the
generated answer. In competitive settings, Bagga
et al. (2025) examine whether rewritten content
improves ranking under fixed candidate sets.

Content optimization has also progressed from
predefined rewriting strategies toward adaptive op-
timization. AutoGEO learns generative-engine
preference rules and applies them to web-content
rewriting (Wu et al., 2025), whereas AgenticGEO
evolves content-conditioned strategies using a sur-
rogate critic (Yuan et al., 2026). Our work comple-
ments these approaches with an industrial, stage-
aware workflow: multiple sitemap versions are
evaluated against the same competitors, and re-
trieval, competitive ranking, claim adoption, and
attribution errors are converted into fact-grounded
revision feedback. This design connects recursive
content optimization with actionable diagnosis of
where enterprise visibility is gained or lost.

3 Method

3.1 Problem Formulation

Let Q = Qtrain ∪ Qval ∪ Qtest denote three dis-
joint query sets used for recursive optimization,
checkpoint selection, and final evaluation, respec-
tively. Let V = {v0, . . . , vn} denote the sequence
of target sitemap versions, where v0 is the origi-
nal sitemap, and let C = {c1, . . . , cm} denote a
fixed set of competitor sitemaps. All websites are
converted into the same structured representation

containing normalized metadata and textual con-
tent.

A verified enterprise fact document F is used to
constrain sitemap revision and evaluate factual con-
sistency. It is not included in retrieval or reranking
and therefore does not provide the target website
with additional ranking evidence.

3.2 Controlled Stage-Isolated Evaluation

For each query q and target version vi, we con-
struct a controlled candidate set containing the tar-
get sitemap and nine fixed competitors:

Dq,i = {vi} ∪ C, |C| = 9. (1)

The model-selection and fallback policy remains
fixed across checkpoints, although the actual gen-
erator endpoint may differ when a fallback is trig-
gered. The queries, competitors, model configu-
rations, prompts, decoding parameters, and scor-
ing rules remain fixed. For each query, candidate
order is randomized using a fixed local seed and
reused across all target versions and baselines. No
generation-level random seed is explicitly config-
ured for the API models.

Retrieval, reranking, and generation are eval-
uated independently under these shared controls.
They measure query–content matching, competi-
tive relevance, and grounded content use, respec-
tively; outputs from one stage are not passed to an-
other. The normalized stage scores are aggregated
for validation-based checkpoint selection and for
summary reporting on the held-out test set. Test-
set aggregate scores are never used for revision or
checkpoint selection:

S(vi) = 0.3SR(vi)+0.3SK(vi)+0.4SG(vi). (2)

Each stage score is mapped to a fixed
0–100 range using predefined, version-independent
bounds. No normalization statistics are estimated
from validation or test checkpoints.

3.3 Stage Metrics

Detailed model configurations, inference parame-
ters, and execution settings for all three stages are
provided in Appendix A.

Retriever. The retriever measures query–content
matching independently of the competitor set. For
query q, sitemap version vi is divided into chunks
{xi1, . . . , xin}, and each chunk receives a fixed
hybrid lexical–semantic relevance score r(q, xij).
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Figure 1: Stage-isolated diagnostic framework for evaluating target-content matching, competitive ranking, and
grounded generation in enterprise GEO.

Let

rmax(q, vi) = max
1≤j≤n

r(q, xij) (3)

denote the highest chunk relevance score, and let

r̄K(q, vi) =
1

K

∑

x∈TopK(q,vi)

r(q, x) (4)

denote the mean relevance of the top-K chunks.
The query-level retrieval score is

R(q, vi) = αrmax(q, vi) + (1− α)r̄K(q, vi), (5)

where 0 ≤ α ≤ 1.
The stage-level retrieval score is

SR(vi) =
1

|Q|
∑

q∈Q
R(q, vi). (6)

The chunking configuration, retrieval models,
hybrid weights, α, and K remain fixed across all
sitemap versions.

Reranker. For each query, the reranker orders
the target sitemap and nine fixed competitors. Let
ρ(q, vi) ∈ [0, 1] denote the normalized inverse rank
of the target, and let hK(q, vi) indicate whether it
appears in the top K. The query-level score is

K(q, vi) = βρ(q, vi) + (1− β)hK(q, vi). (7)

The stage-level score is averaged across queries:

SK(vi) =
1

|Q|
∑

q∈Q
K(q, vi). (8)

Candidate representations, the reranking model, β,
and K remain fixed across all sitemap versions.

Generator. The generator receives the fixed can-
didate set and produces an answer aq,i for each
query. A separate evaluator assigns a primary
answer-quality score based on relevance, factual
grounding, and appropriate use of the target con-
tent:

G(q, vi) = gquality(q, vi, aq,i, F ), (9)

where F is the verified fact document provided to
the evaluator for factual assessment but is not ex-
posed to the generator. The same document is used
separately as a factual constraint during sitemap re-
vision, as described in Section 3.4. The stage-level
generator score is

SG(vi) =
1

|Q′|
∑

q∈Q′
G(q, vi), (10)

where Q′ contains queries with a successful genera-
tor response and a valid, parseable evaluator output.
Truthfulness, brand recommendation, claim adop-
tion, and attribution errors are retained as diagnos-
tic measures rather than independently optimized
stage scores.

3.4 Recursive Revision Protocol

Starting from the original sitemap v0, we gener-
ate one revised sitemap per optimization epoch.

1639



At epoch i, the current version vi is evaluated on
Qtrain through all three stages. Query-level re-
trieval failures, competitive ranking weaknesses,
generation errors, and omitted claims are then ag-
gregated into a structured feedback object:

Fi = Aggregate (Ri,Ki, Gi) . (11)

A revision model receives the current sitemap,
the stage-level feedback, and the verified fact docu-
ment:

vi+1 = Mrevise (vi, Fi,F) . (12)

The model is instructed to improve weak content
while preserving factual consistency and avoiding
unsupported claims. Only training-query results
are included in Fi; validation and test queries are
never used to generate revision feedback.

After each epoch, the resulting checkpoint is
evaluated on Qval. The selected checkpoint is

i∗ = argmax
i

S(vi;Qval). (13)

Finally, only the selected sitemap vi∗ and the prede-
fined baselines are evaluated on Qtest. Test results
are not used for further revision or checkpoint se-
lection. After initialization, all 100 revision epochs
are executed automatically without human inter-
vention.

3.5 Naturalness Constraint
Before checkpoint selection, we exclude revisions
that violate predefined hard constraints on length,
page identity, factual support, or forbidden claims.
Additional diagnostics flag excessive repetition,
keyword-oriented wording, and abnormal brand-
term density and feed these warnings into subse-
quent revisions. Detailed rules and implementation
settings are provided in Appendix B.

4 Experimental Setup

4.1 Structured Site Representation and
Competitor Websites

All target and competitor websites are converted
from publicly available web content into the same
structured site-level representation. The target rep-
resentation is derived from the company’s official
website, while optimized versions revise its struc-
ture and wording under factual constraints. Nine
competitors from the same product category are
processed using the same procedure. Table 1 sum-
marizes the scale of the target and competitor web-
sites.

Target Comp. Range Comp. Med.
Pages 21 15–220 48
Tokens 94K 15K–350K 60K
Chunks 210 – –
Facts 190 – –

Table 1: Site-scale statistics.

The competitor set is fixed across all experi-
ments. For each query and target version, evalua-
tion is conducted against the same nine competitor
site representations, so that observed differences
mainly reflect changes to the target rather than the
competitive environment.

4.2 Query Set

The query set is constructed from an initial pool
of 200 real user questions provided by enterprise
personnel in the consumer-health product domain.
We first normalize the questions, remove duplicate
and low-information variants, and categorize the re-
maining candidates into five intent types: category
need, scenario need, problem solving, comparison,
and purchase decision.

We then construct three disjoint query sets for re-
cursive revision, checkpoint selection, and held-out
testing. To reduce semantic leakage during split
construction, all candidate queries are encoded us-
ing a fixed sentence-embedding model, and cross-
split cosine similarities are computed. Query pairs
with cosine similarity above 0.85 are manually re-
viewed, and near-duplicate questions or minor para-
phrases are reassigned or excluded before the final
splits are fixed.

The resulting dataset contains 150 queries, di-
vided into three disjoint sets of 50. Each split fol-
lows the same intent distribution, with 6 category-
need, 8 scenario-need, 11 problem-solving, 15 com-
parison, and 10 purchase-decision queries. Queries
are additionally annotated with usage scenarios and
enterprise-assessed frequency levels.

4.3 Enterprise Fact Document

The enterprise fact document is derived from
company-provided textual materials and converted
into a structured JSON file. It is not used to give
the target website extra ranking advantages during
retrieval or reranking. Instead, it is used in the gen-
eration stage to evaluate factual consistency, claim
adoption, and attribution accuracy, and to provide
factual boundaries during sitemap optimization. In
particular, we use it to check whether the genera-
tor correctly describes the target company, adopts
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Figure 2: Validation scores of 20 sampled valid check-
points. Dashed lines denote the original-sitemap base-
lines.

predefined core claims, and avoids attributing com-
petitor information to the target company.

4.4 Reusable Enterprise Configuration
The framework requires enterprise-provided doc-
uments and user queries, together with publicly
available competitor websites. It is designed to be
reconfigured for another enterprise by replacing the
target materials, query set, and competitor collec-
tion while retaining the evaluation models, scoring
procedure, and revision workflow. Cross-enterprise
transfer is not evaluated in this study.

The complete 100-epoch optimization requires
approximately 20 hours. The three evaluation
stages take about 4.7 minutes per epoch, or 7.9
hours in total. Retrieval and reranking are executed
locally, while generation and answer evaluation
are processed concurrently through SiliconFlow.
The remaining runtime is mainly spent aggregating
diagnostic feedback, automatically refining the re-
vision prompt, and generating the next structured
site representation. This modular design separates
reusable evaluation components from enterprise-
specific content and factual constraints.

5 Results

5.1 Validation Trajectory and Checkpoint
Selection

All checkpoints are evaluated on the validation set
for analysis and selection. Versions that fail the
predefined naturalness constraint are excluded. For
visualization, Figure 2 retains the first valid check-
point and every fifth valid record thereafter, while
preserving the original epoch indices.

Most eligible checkpoints outperform the orig-
inal sitemap, although the trajectory remains non-
monotonic. The highest aggregate validation score

is obtained at epoch 63, increasing from 59.82 to
71.93. Relative to the original sitemap, retrieval,
reranking, and generation improve by approxi-
mately 8.1, 12.9, and 14.5 points, respectively.

The individual stages favor different checkpoints.
Generation peaks at epoch 58 with a score of 85.35,
while the aggregate and reranking scores peak at
epoch 63, reaching 71.93 and 73.08. Retrieval
reaches its highest score of 55.17 at epoch 100,
but this checkpoint performs worse than epoch
63 in reranking and generation. These differ-
ences indicate that query coverage, competitive
relevance, and grounded content use favor different
sitemap configurations, and that the final optimiza-
tion epoch is not necessarily optimal.

We therefore select epoch 63 according to the ag-
gregate validation score after naturalness filtering.
The selected sitemap is frozen and evaluated on the
held-out test set, which is not used for revision or
checkpoint selection.

5.2 Held-Out Test Comparison with Rewrite
Baselines

We compare the full method with two rewrite base-
lines on the held-out test set. One-shot rewrite
revises the original structured site representation
once using the same revision model and fact docu-
ment but receives no stage-specific feedback. Re-
cursive rewrite without diagnostics uses the same
optimization budget as the full method but receives
only the previous site representation and a general
GEO instruction. All methods use the same site
representation schema, fact document, competi-
tor set, query splits, evaluation configuration, and
validation-based checkpoint selection procedure.

As shown in Table 2, one-shot and non-
diagnostic recursive rewriting increase the original
overall score by 5.01 and 8.13 points, respectively.
The full stage-isolated method achieves an overall
score of 69.98, corresponding to an 11.20-point
gain over the original and a descriptive 3.07-point
margin over the budget-matched non-diagnostic
recursion baseline. It also shows higher retrieval,
reranking, and generation scores by 1.83, 2.98, and
4.07 points, respectively, relative to non-diagnostic
recursion. These stage-level differences are consis-
tent with broader query coverage, stronger competi-
tive relevance, and more effective grounded content
use.
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Method Ret. Rerank. Gen. Overall
Original sitemap 45.44 60.00 67.88 58.78
One-shot rewrite 49.12 64.35 74.37 63.79
Recursive rewrite
w/o diagnostics

50.87 67.92 78.18 66.91

Full three-stage
method

52.70 70.90 82.25 69.98

Table 2: Held-out test comparison with generic LLM
rewriting baselines. All methods are finalized without
access to the test results.

Website Offline Platform A Platform B
Target website 67.40 63.3% 58.3%
Competitor 1 63.80 56.7% 53.3%
Competitor 2 58.90 46.7% 40.0%
Competitor 3 56.70 41.7% 48.3%
Competitor 4 49.50 30.0% 33.3%

Table 3: Offline scores and online recall rates in the
five-website exploratory pilot. Each of the 20 queries is
repeated three times on each commercial platform.

5.3 Exploratory Online Consistency Check on
Commercial Platforms

To examine whether the controlled offline evalua-
tion shows directional consistency with real-world
visibility, we conduct a small-scale exploratory
pilot on two widely used commercial generative-
search platforms in China. We select 20 queries
from the held-out test set while approximately pre-
serving the held-out set’s intent distribution and
evaluate the target website together with four rep-
resentative competitors. Each query is submitted
three times to each platform using the same prompt
and account settings, yielding 60 valid responses
per platform.

A website is counted as recalled when a response
contains its brand name, official domain, cited web-
page, or other information that can be unambigu-
ously attributed to that website. Recall rate is de-
fined as the proportion of valid responses in which
the website is recalled. For the offline comparison,
we rerun the proposed evaluation on the same 20-
query subset and the same five-website candidate
pool. Each website is treated in turn as the focal
website, while the remaining candidates, queries,
models, prompts, and scoring rules are kept fixed.

As shown in Table 3, the offline and online eval-
uations exhibit broadly similar ranking patterns in
this pilot. The target website ranks first in both
settings, followed by Competitor 1, while Competi-
tor 4 remains last. Competitors 2 and 3 exchange
positions in the online results, illustrating platform-
specific variation.

Across the five evaluated websites, the Spear-
man correlation between offline scores and average
online recall rates is ρ = 0.90. We report this cor-
relation descriptively as exploratory evidence of di-
rectional consistency between the controlled offline
evaluation and observed commercial-platform visi-
bility. Because the comparison includes only five
websites, 20 queries, and two platforms, it should
not be interpreted as statistical validation of offline-
to-online transfer or platform-level prediction. The
offline score is therefore used as a controlled di-
agnostic indicator rather than an estimate of recall
probability on any specific commercial platform.

5.4 Human Validation of Generator
Diagnostic Labels

Two independent annotators reviewed a stratified
sample of 200 generated answers using shared
three-point rubrics for truthfulness and brand rec-
ommendation. Truthfulness assesses whether
the generated claims are supported by the target
sitemap and verified fact document, whereas brand
recommendation assesses whether mentioning or
recommending the target brand is relevant and
evidence-based.

Inter-annotator agreement, measured using
quadratic-weighted Cohen’s κ, was 0.86 for truth-
fulness and 0.74 for brand recommendation. Dis-
agreements were adjudicated to produce the final
reference labels.

Compared with these adjudicated labels, the
LLM evaluator achieved Macro-F1 scores of 0.90
for truthfulness and 0.76 for brand recommenda-
tion. Its weighted κ values were 0.82 and 0.69, with
95% bootstrap confidence intervals of [0.76, 0.88]
and [0.61, 0.76], respectively. These results sup-
port the reliability of the truthfulness and recom-
mendation diagnostics, rather than validating the
complete generator quality score.

6 Discussion

6.1 Case Discussion

We examine epoch 63, the checkpoint with the high-
est overall validation score, to analyze how stage-
level feedback guides sitemap revision. Retriever
feedback adds direct answers, query-relevant terms,
and FAQ-style content; reranker feedback makes
distinctive claims and supporting evidence more
prominent; generator feedback strengthens factual
boundaries and attribution. These signals are inte-
grated to reduce repetition, place evidence near the
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claims it supports, and keep all revisions grounded
in the enterprise fact document.

The resulting sitemap shows that GEO perfor-
mance depends not only on what information is
included, but also on how it is organized. Related
definitions, safety mechanisms, evidence, and ful-
fillment capabilities are grouped into coherent, ex-
tractable units, making them easier to retrieve, rank,
and use in grounded generation.

6.2 Stage-Level Trade-offs and Industrial
Implications

Aggregate visibility scores can obscure whether a
sitemap is weak in query matching, competitive rel-
evance, or grounded content use. These dimensions
require different revisions: retrieval benefits from
broader query and scenario coverage, reranking
from direct and differentiated evidence, and gen-
eration from concise, verifiable claims with clear
factual boundaries.

The best-performing checkpoints also differ
across stages, revealing trade-offs between cov-
erage, prominence, and factual precision. Adding
content may improve retrieval while diluting im-
portant evidence, whereas stronger promotional
language may improve differentiation but reduce
grounding quality. Enterprise GEO should there-
fore be treated as a multi-objective optimization
problem.

In practice, content teams can identify the weak-
est diagnostic dimension, revise the corresponding
content fields, and reevaluate all three stages for
possible regressions. This stage-aware workflow
provides more actionable guidance than uniform
rewriting or selecting the final optimization epoch.

7 Conclusion

We present a controlled three-stage framework
for diagnosing enterprise GEO failures. Recur-
sive sitemap revision improves held-out perfor-
mance, while stage-specific differences reveal non-
monotonic trade-offs and support targeted, fact-
grounded content revision. The framework offers a
reproducible alternative to relying solely on final
mentions or aggregate visibility outcomes.

8 Limitations

First, the proposed offline framework cannot fully
reproduce commercial generative-search systems,
which may rely on real-time indexes, proprietary

retrieval and ranking methods, external search aug-
mentation, and user personalization. The main
experiments also rely on a fixed retriever, reranker,
generator, and evaluator stack, so the reported
scores may depend on the selected components.
The offline scores should therefore be interpreted
as controlled diagnostic indicators rather than di-
rect estimates of citation, mention, or recommenda-
tion probabilities on a specific platform. Although
the small-scale online pilot shows similar ranking
trends, it covers only two platforms, 20 queries, and
five websites and does not establish stable offline-
to-online correspondence across platforms, model
stacks, or time.

Second, the study examines one anonymized
company in the consumer-health and personalized-
nutrition domain. A single enterprise case can-
not establish generalizability across industries, lan-
guages, or content types, which may differ in query
intent, competitive density, factuality requirements,
and acceptable revision strategies. Online deploy-
ment testing has been ongoing since June 2026,
but the observation window is not yet sufficient for
longitudinal validation. Broader cross-enterprise
and long-term deployment studies are therefore re-
quired.

Third, the current evaluation covers a 21-page
target website with approximately 94K tokens, eval-
uated against nine fixed competitors whose sizes
range from 15 to 220 pages and 15K to 350K to-
kens, as summarized in Table 1. These results
demonstrate the framework only at the reported
scale. Larger websites, broader competitor pools,
frequently updated content, and multiple product
categories may require substantially greater compu-
tational, preparation, and factual-verification effort.

Finally, the structured site representation pri-
marily preserves textual content and page-level
structure. It does not explicitly model arbitrary
hyperlink graphs, page authority, interactive com-
ponents, multimedia, or platform-specific process-
ing of structured data. The reported results there-
fore characterize content- and structure-level per-
formance rather than all webpage or platform fac-
tors that may affect real-world generative-search
visibility.

9 Ethical Considerations

Except for the verified enterprise fact document
provided by the participating company, all website
and competitor content used in this study is col-
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lected from publicly available sources. The query
sets are derived from enterprise-provided user ques-
tions, but all queries are manually reviewed before
use to ensure that they contain no personally iden-
tifiable information, user identifiers, or other infor-
mation that could be traced back to an individual.
The experiments are conducted on anonymized con-
tent representations, and no private user profiles or
sensitive personal records are included in retrieval,
ranking, generation, or evaluation.

To reduce the risk of factual errors or mislead-
ing health-related content, the revision prompts
explicitly prohibit unsupported claims, fabricated
evidence, and information that may mislead users.
Every generated sitemap is constrained by the ver-
ified enterprise fact document, which defines the
factual boundaries of permitted revisions. These
safeguards are intended to prevent optimized con-
tent from introducing inaccurate product, nutrition,
or health information, although they cannot com-
pletely eliminate model-generated errors. The pro-
posed system is designed solely for enterprise con-
tent evaluation and optimization; it is not intended
for clinical diagnosis, treatment decisions, or per-
sonalized medical and nutritional advice.
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Component Backend Model / implementation Precision Temp. Top-p Max tokens Execution

Retriever Local /
Haystack

InMemoryBM25Retriever
with a custom
hashing-embedding
retriever

N/A N/A N/A N/A Single-
process
local
retrieval

Reranker Local /
Hugging
Face

BAAI/bge-reranker-v2-m3;
local path:
bge-reranker-v2-m3

FP32;
dynamic
INT8 in
fast-small

N/A N/A N/A Sequential
queries;
batch size 4,
or 16 in
fast-small

Generator SiliconFlow
API v1

Primary:
DeepSeek-V4-Flash

Provider-
managed

0.2 0.8 1,000 Up to 8
concurrent
query
workers

Evaluator SiliconFlow
API v1

qwen3.6-36B-A3B Provider-
managed

0.0 0.8 3,000 Up to 8
concurrent
workers
aligned
with
generator
queries

Revision
model

SiliconFlow
API v1

DeepSeek-V4-Pro Provider-
managed

0.3
prompt;
0.2
sitemap

0.8 6,000 prompt;
120,000 sitemap

Prompt and
sitemap
revisions
executed se-
quentially

Table 4: Model backends, inference parameters, and execution settings. No explicit random seed or repetition
penalty was configured.
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Field Component Implementation

Retrieval method Retriever Hybrid local retrieval combining lexical BM25 matching with a lightweight
hashing-based embedding signal over the same preprocessed website chunks.

Reranking method Reranker BAAI/bge-reranker-v2-m3 independently assigns query–candidate relevance
scores to the fixed candidate representations; no Retriever outputs are used.

Generation
procedure

Generator Receives the serialized candidate websites and produces a natural-language answer.
The output is treated as free text and does not require JSON parsing.

Evaluation
procedure

Evaluator Receives the query, generated answer, target content, and factual evidence, and
returns structured JSON scores and diagnostic fields. Generation and evaluation are
performed by separate models.

Revision procedure Revision model After stage-level aggregation, first generates an optimization prompt and then
produces the next sitemap version. It is not involved in scoring the current
checkpoint.

Generator fallback Generator Ordered fallback: Pro/deepseek-ai/DeepSeek-V4-Flash;
deepseek-ai/DeepSeek-V4-Flash; Pro/deepseek-ai/DeepSeek-V4.0-Flash;
deepseek-ai/DeepSeek-V4.0-Flash;
deepseek-ai/DeepSeek-V4-Flash-Preview;
Pro/deepseek-ai/DeepSeek-V4-Flash-Preview.

Request timeout Generator /
Evaluator

Each query-level API request has a timeout of 45 seconds. Failed generator requests
proceed through the configured fallback sequence.

Generator failure Generator If all candidate models fail, the query is recorded as a failed row and excluded from
successful-generation aggregates.

JSON parsing Evaluator /
Revision model

First applies json.loads; if parsing fails, extracts the outermost JSON object,
performs one structured-output retry, and then applies JSON repair.

Invalid JSON Evaluator /
Revision model

Outputs that remain invalid after retry and repair are marked as failed; no default
score is assigned.

Revision retry Revision model Up to 3 attempts per optimization call and 10 retry rounds, with 60 seconds between
attempts and 600 seconds between rounds.

Candidate ordering All evaluation
stages

Candidate website order is randomized to reduce systematic positional bias.

Controlled variables All stages The query set, competitor set, prompts, scoring rubrics, and candidate construction
procedure remain fixed across checkpoints. Only the target sitemap changes.

Execution logging All stages Logs retain execution status, selected model identifier, raw generation, parsed
evaluator output, and failure information for every query.

Score aggregation All stages Stage-level scores are computed only from cases considered valid under the
corresponding evaluation definition.

Version information All components Local implementations, local checkpoints, and API models were executed on June 16,
2026. API providers do not expose fixed checkpoint hashes or inference precision.

Table 5: Execution procedure, fallback policy, failure handling, and reproducibility controls.
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Field Rule type Implementation

Component Implementation Rule-based naturalness checker executed after each sitemap revision.
Purpose Constraint Prevents revisions from becoming keyword-stuffed or score-oriented text that is

unsuitable for an official website.
Input I/O Original sitemap JSON and the optimized sitemap JSON from the current epoch.
Output I/O Boolean field passed, content-length ratio, brand-term density, and structural, factual,

repetition, and meta-language warnings.
Length ratio Hard gate Let L(v0) and L(vi) denote the total characters in all content_text fields of the

original and optimized sitemaps. The optimized sitemap must satisfy
0.60 ≤ L(vi)/L(v0) ≤ 1.50.

Preferred length Prompt
guidance

The revision prompt recommends maintaining 80%–150% of the original length. The
implemented eligibility gate remains 60%–150%.

Brand-term density Diagnostic Detects excessive repetition of brand names, product names, system names, algorithm
names, and proprietary supply-chain or quality-control terms.

Keyword stuffing Diagnostic Query terms must occur in semantically coherent sentences rather than being
mechanically enumerated or repeatedly inserted.

Content repetition Diagnostic Flags repeated claims, FAQ answers, product descriptions, and duplicated brand
statements within or across pages.

Website structure Constraint Preserves plausible page structure, including titles, paragraphs, FAQ entries, and
modular content sections.

Page identity Hard gate Existing pages cannot be removed, unsupported pages cannot be created, and
page_id, source_url, and loc cannot be modified.

Factual support Hard gate All added or rewritten claims must be supported by the original sitemap or the
enterprise fact document.

Forbidden claims Hard gate Prohibits unsupported clinical evidence, regulatory approval, efficacy guarantees,
treatment claims, prices, refund terms, and after-sales policies.

Meta-language Constraint Prohibits experiment-oriented expressions such as “GEO score,” “retriever
optimization,” and “improving the reranker” in website content.

Failure handling Selection rule A failed epoch remains in the execution log but is excluded from best-checkpoint
selection. Its warnings are included in the next revision prompt.

Implementation date Reproducibility June 16, 2026.

Table 6: Naturalness-checker configuration. Hard gates directly determine checkpoint eligibility, while diagnostic
rules identify optimization artifacts and guide subsequent revisions.
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