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Abstract

Generative Search Engines (GSEs) have re-
shaped information retrieval, and Generative
Engine Optimization (GEO) emerges to im-
prove the content visibility in GSEs’ responses.
Previous methods mainly rely on empirical
strategies or query-dependent preferences of
GSEs for content optimization. However, they
remain limited in effectiveness as they over-
look the latent user search demands in queries
that drive content retrieval and response gen-
eration of GSEs. To address this, we propose
Mind Reader, a novel GEO method to effec-
tively improve the content visibility within the
generated responses of GSEs through content
optimization guided by the extracted latent de-
mands of user search. Specifically, we propose
a decomposition-recombination query augmen-
tation module, which enriches the query with
latent semantic information by decomposing it
into diverse perspectives, capturing underlying
semantic information, and recombining them
into variants to support subsequent optimiza-
tion. Then, we propose a reasoning coverage
content optimization module. By optimizing
content to cover critical reasoning information
of GSEs, we align the content with the user
search demands, effectively improving the con-
tent visibility. Extensive experiments on widely
used GEO-Bench and our proposed PC-GEO
show that our method significantly outperforms
baselines and effectively improves content visi-
bility (with up to 2.44 x objective metrics and
1.23x subjective metrics on average).

1 Introduction

Generative Search Engines (GSEs) (Sharma et al.,
2024; Krasovitskiy et al., 2025), such as BingChat!,
Google’s SGE?, and perplexity.ai®, have trans-
formed information retrieval by leveraging Large
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Figure 1: (a) Existing query-aware GEO methods (e.g.,
(Wu et al., 2025)) vs. (b) our Mind Reader. Mind
Reader aims to improve content visibility in the gener-
ated responses of GSEs through content optimization
guided by the extracted latent user search demands.

Language Models (LLMs) to understand user
search demands and directly generate relevant re-
sponses. Benefiting from their provided more ef-
ficient and user-friendly search experience, they
have been rapidly applied in various everyday sce-
narios, e.g., daily search (Metzler et al., 2021; Li
et al., 2024) and shopping guides (Amazon, 2023;
Tang et al., 2025a). Although greatly enhancing
retrieval efficiency for users, they introduce non-
trivial challenges for content creators. Unlike tra-
ditional search engines, GSEs shift the user ex-
perience from link retrieval to answer synthesis,
making it harder for creators to understand how
and whether their content is incorporated into gen-
erated responses. As a result, a large amount of
content is overlooked or misrepresented by GSEs
and drowned out in the information space, making
the improvement of content visibility for GSEs a
pressing concern for creators.

To tackle the above challenges, several pioneer-
ing studies have explored Generative Engine Opti-
mization (GEO). Specifically, query-agnostic GEO
methods typically rely on empirical or generally
heuristic strategies to optimize content. Despite
showing some progress, their effectiveness is lim-
ited since they optimize content without tailoring it
to user queries. More recently, query-aware GEO
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methods have emerged that further improve the
content visibility by aligning the content with the
query-dependent preferences of GSEs.

Although query-aware GEO methods achieve
some improvements, as shown in Figure 1, they
focus on aligning content with explicit query to-
kens, rather than modeling the underlying user de-
mand or task-level information needs in queries.
Such demands are explicitly considered by GSEs
during content retrieval and response generation
(Chen et al., 2025a), and overlooking them results
in unsatisfactory performance of existing methods.
Specifically, we identify two key sources of this
oversight: @ User queries are typically short and
underspecified, yet implicitly encode rich latent
semantic information that reflects underlying user
search demands (Jansen et al., 2000; Chen et al.,
2012), which is crucial for GSEs’ query under-
standing and response generation. However, exist-
ing GEO methods primarily rely on these explicit
and limited query texts, leaving the latent semantic
information largely unexploited, thus significantly
limiting their effectiveness. & GSEs typically infer
user search demands through multi-step reasoning
and generate responses to satisfy these demands
(Wei et al., 2022). Nevertheless, existing methods
overlook such reasoning information, preventing
the optimized content from aligning with the in-
ferred user search demands and consequently re-
sulting in suboptimal optimization outcomes.

To this end, we propose a novel GEO method,
namely Mind Reader, to effectively improve the
content visibility within the generated responses
of GSEs through content optimization guided
by the extracted latent demands of user search.
Specifically, to enrich queries with their im-
plicitly encoded latent semantics, we propose a
Decomposition-Recombination Query Augmenta-
tion (DRQA) module that decomposes each query
into diverse semantic perspectives, captures under-
lying semantic information, and recombines them
to generate augmented queries. To achieve this, we
first construct an entity graph for each input query,
perform weighted random walks to extract diverse
sub-graphs in a fine-grained manner, and carefully
design prompts to infer their corresponding latent
intents and linguistic styles. Consequently, we can
effectively generate diverse query variants that ex-
plicitly expose underlying user search demands,
making the demand information more accessible
and thereby facilitating more effective subsequent
content optimization. Then, we propose a Rea-

soning Coverage Content Optimization (RCCO)
module to optimize content toward covering criti-
cal reasoning information. Specifically, we adopt
Reinforcement Learning (RL) (Christiano et al.,
2017; Ouyang et al., 2022) to update the optimiza-
tion model and introduce a reasoning-coverage re-
ward into the RL objective. By encouraging the
optimized content to cover both query-specific per-
sonalized reasoning information and cross-query
shared reasoning information distilled across the
corresponding augmented query set, we align the
content with user search demands in a comprehen-
sive and stable manner. Consequently, our method
effectively improves content visibility in the gener-
ated responses of GSEs.
Our contributions are summarized as follows:

* We propose a novel GEO framework, namely
Mind Reader, that effectively improves the
content visibility within the generated re-
sponses of GSEs by optimizing content based
on the extracted latent demands of user search.

* Our framework is realized by two modules:
DRQA and RCCO. The former enriches
queries with latent semantic information via
decomposition and recombination, while the
latter optimizes the content by encouraging
the GSEs’ reasoning information coverage.

* We conduct extensive experiments on widely
used GEO-Bench and our proposed PC-GEO,
which demonstrate that our method signifi-
cantly outperforms baselines and effectively
improves the content visibility with up to
2.44x objective metrics and 1.23x subjective
metrics on average.

2 Related Work
2.1 SEO Methods

Search Engine Optimization (SEO) aims to im-
prove the visibility of web content in traditional
search engines, and we refer to (Aryani et al., 2023;
Vinutha and Prajwal, 2023) and divide it into on-
page-based and off-page-based methods. Specifi-
cally, @ on-page-based SEO methods focuses on
optimizing elements within the content itself. For
example, Kanara ef al. (Kanara et al., 2024) em-
ployed the keywords that were both semantically
relevant to the content theme and search queries of
users. An et al. (An and Jung, 2021) selected
influential metadata features based on their fre-
quency and weight, and incorporated them into
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webpage descriptions, thereby increasing website
traffic. More recently, Chodak et al. (Chodak and
Btazyczek, 2023) proposed leveraging LLMs to
generate optimized content, thereby effectively en-
hancing content visibility. In contrast, @ off-page-
based SEO methods seek to improve content’s
authority and reputation through external signals.
For instance, Google’s SEO Starter Guide (Google,
2025) recommends employing the strategy of link
building to enhance a website’s perceived authority
and credibility by search engines, thereby improv-
ing the visibility of the created content. However,
GSEs employ LLMs for query understanding, con-
tent retrieval, and response generation, resulting
in a fundamentally different search paradigm from
the traditional search, which in turn limits the ef-
fectiveness of these conventional SEO methods.

2.2 GEO Methods

To improve the visibility of the created content
within the generated responses of GSEs, some pio-
neering GEO works have been proposed recently,
which can be mainly categorized into two types: @
Query-agnostic GEO methods: The GEO meth-
ods in this category typically rely on empirical or
generally heuristic strategies to optimize content
without conditioning on any specific user query.
Specifically, Aggarwal et al. (Aggarwal et al.,
2024) proposed several typical strategies, such as
authoritative, statistics addition, and keyword stuff-
ing, etc., improving the visibility of the optimized
content to some extent. Nestaas er al. (Nestaas
et al.) proposed preference manipulation attacks
by injecting a malicious prompt into the content of
competitors, effectively lowering the competitors’
ranking and improving their own ranking. Addi-
tionally, Chen et al. (Chen et al., 2025b) designed a
multi-agent system that automated the strategic re-
finement of content through a collaborative analyze-
revise-evaluate workflow. Moreover, Chen et al.
(Chen et al., 2025¢) proposed RAID that enabled
targeted content enhancement by modeling search
intent through reflective refinement across diverse
informational roles. Despite showing some effec-
tiveness, their visibility gains are limited because
they optimize content in a query-agnostic manner,
without tailoring it to user queries.

0 Query-aware GEO methods: In contrast,
a line of work has emerged that explicitly condi-
tions content optimization on user queries, aiming
to enhance content visibility by aligning the con-
tent with the query-dependent preferences of GSEs.

For instance, Kumar et al. (Kumar and Lakkaraju,
2024) employed a greedy coordinate gradient al-
gorithm to improve the visibility of their content
for the given user query. To further improve visi-
bility while preserving textual fluency, Yiming et
al. (Tang et al., 2025b) proposed StealthRank, an
energy-based optimization framework combined
with Langevin dynamics to optimize the content
with respect to the user query, which subtly yet ef-
fectively manipulated the visibility. More recently,
Wu et al. (Wu et al., 2025) introduced AutoGEO,
which explicitly analyzed GSE preferences over
content given user queries and incorporates these
preferences as rewards for content optimization.
Although these query-aware GEO methods
achieve improvements, they remain limited due
to the reliance on surface-level query tokens. In
contrast, our method extracts user search demands
in queries and leverages them to guide content op-
timization, achieving more effective results.

3 Method

Overview. We propose Mind Reader, as shown in
Figure 2, to optimize content for enhancing its visi-
bility in the generated responses of GSEs through
content optimization guided by the extracted la-
tent demands of user search, which consists of a
DRQA module and a RCCO module. Specifically,
the DRQA module enriches the query with latent
semantic information by decomposing each query
into diverse semantic perspectives, capturing un-
derlying semantic information, and recombining
them. Moreover, based on the augmented queries,
the RCCO module optimizes content to cover rea-
soning information of GSEs, aligning content with
user search demands comprehensively and stably,
thereby effectively improving content visibility.

3.1 Decomposition-Recombination Query
Augmentation

User queries are often short and underspecified,
yet they implicitly convey rich latent semantics
that capture underlying search demands. However,
the existing methods largely overlook such latent
semantic information, thus significantly limiting
their effectiveness. In response to this, we sug-
gest decomposing each query into diverse semantic
perspectives, capturing their latent semantic infor-
mation, and recombining them to generate diverse
query variants that explicitly expose underlying
user search demands, thereby making latent user
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Figure 2: An overview of our Mind Reader. We first augment queries with latent semantic information via decom-
position and recombination, and then optimize content by encouraging coverage of both query-specific personalized
and cross-query shared reasoning information. Benefiting from these modules, our Mind Reader effectively improve
the visibility of optimized content within the generated responses of GSEs.

search demand information more accessible for
downstream content optimization.

Specifically, we begin by decomposing each
query into diverse semantic perspectives. Given
a query ¢; € Q, we first construct an entity graph
G = (V;, &) to support structured exploration of
its semantic space, which is achieved by the LLM
with carefully designed prompt. The node set V;
consists of entity nodes derived from g;, while the
edge set & encodes semantic associations among
entities, with edge weights indicating their associa-
tion strengths. After constructing G;, we randomly
sample starting nodes and perform weight-guided
random walks (Nikolentzos and Vazirgiannis, 2020;
Perozzi et al., 2014) to obtain entity subgraphs
Gij = (Vi,j,&i,j), where the transition probability
to a neighboring node is proportional to the cor-
responding edge weight. Repeating this process a
maximum of w times yields a set of subgraphs that
reflect diverse semantic perspectives of g;.

Then, motivated by that user intent and linguis-
tic style encode rich semantic information (Shen
etal., 2014), we design a two-stage prompt to infer
them, thereby capturing the latent semantic infor-
mation of each entity subgraph. Since linguistic
styles are typically conditioned on intents (Broder,
2002; Jansen et al., 2008), we first infer intents 75 ;
associated with G; ; as: T; j = LLM (pintent(Gi 5))-
where T; ; = {t; jo,...,tijK—1} denotes the set
of inferred intents, K is the number of intents,
and Diptent 1S a prompt designed for intent infer-
ence based on G; ;. Subsequently, for each in-

tent ¢; ;1. € 1 ;, we infer corresponding linguis-
tic styles S; ;. based on both G; ; and t; ;1 as:
Sijk = LLM(psyle(Gi s, tijx)), where S; jp =
{Si,j,k,07 el si,j,k,M,l} represents the set of in-
ferred styles, M is the number of inferred styles,
and pgyle denotes the prompt for style inference
conditioned on G; ; and ¢; ; ..

Consequently, we recombine the entity sub-
graphs that capture diverse semantic perspectives
of ¢; with their corresponding inferred intents and
linguistic styles to generate query variants as:

—1K—1M-—
U U U (pquery (Gi,j» tijks Sivjkom))s
)]
where Q; denotes the query variant set derived
from ¢;, and pquery is a prompt that synthesizes G; ;,
t; jk»and s; ;. o, into a query. As a result, we can
combine each query ¢; with its corresponding query
variant Q; to form an augmented query group Q;
as: Q; = {g:} U Q;, and ultlmately construct the
augmented query set Q = {Qy, - - Q|Q| 1}

Therefore, through query decomposmon and re-
combination, we expose underlying user search
demands in the tokens of augmented queries, mak-
ing these demand information more accessible and
thereby facilitating more effective subsequent con-
tent optimization.

3.2 Reasoning Coverage Content
Optimization

Considering that existing methods are prevented
from aligning content with user search demands
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and result in their suboptimal optimization, we pro-
pose to optimize content to cover the reasoning
information of GSEs. By introducing a reasoning-
coverage reward into the RL objective, we guide
the model to optimize content to cover both query-
specific personalized reasoning information, which
is typically provided by GSEs (Mo et al., 2025;
He et al., 2025), and cross-query shared reasoning
information distilled across the corresponding aug-
mented query set. This design aligns the optimized
content and user search demands comprehensively
and stably, thereby effectively improving content
visibility within the generated responses of GSEs.
Specifically, given a g; ; € Q;, to encourage the
optimized content ¢; to cover the personalized rea-
soning information that is specific to g; ;, we first
design a personalized-reasoning coverage reward

term RZ,, which is formulated as follows:
Zl:\jéj - LLM(pcov(af ; ., i)

Reoo (i, €) = == e @
2]

where Aﬁj = aﬁjp, . 7af,j,N—1 denotes the set
of personalized reasoning steps extracted by LLM
using our designed prompt ppe; from GSEs’ gen-
erated responses to g; ;. N is the number of steps.
Deov 18 the prompt that instructs LLM to compute
the coverage score of ¢; for reasoning steps.

Moreover, since optimizing content based on
diverse personalized reasoning information of dif-
ferent query variants may result in unstable opti-
mization, we design a shared-reasoning coverage
reward term R397¢ to encourage ¢; to cover cross-
query shared reasoning information distilled from
personalized reasoning information of correspond-
ing augmented-query set, which is defined as:

A3 ;1 -

1
share / ~ ~ n= LleI(pCOV(az"S ns 6))
Rc?v ((Ii,j7 Ci) = g ; :

)
A2

(3)

S — S S
where A7 = {aj;o,---,aj; y_1} denotes the
set of cross-query shared reasoning steps, and A; .

is distilled as: A7, = LLM (pshare (312" A7),
and Pghare 1S the prompt used by the LLM to distill
the shared reasoning steps from the personalized
reasoning steps of the corresponding augmented
query set. Consequently, the reasoning-coverage
reward R, 1s defined as follows:

Reov (i ) = REGo(Gijs &) + Ribd"™(Gigs &). (4)

In addition, referring to (Wu et al., 2025), we
also introduce its outcome reward R, (¢;) and

semantic reward Rsen,, (¢;) to encourage improv-
ing the visibility of ¢; while preserving its seman-
tic consistency to the original content c¢;. Conse-
quently, the final reward is defined as follows:
Rtotal (qi,jy Ez) = Rcov (qi,j, éz) + Rout(éi) + Rsem(éi)~

®)
In particular, we follow (Wu et al., 2025) to utilize
GRPO (Shao et al., 2024) to train the optimization
model via RL, and the overall objective function of
GRPO can be formulated as:

LarPO (9) = _]Ec,i [min (TZ(O)A-“ Clip(?”i (9)7
1—¢€1+ €)Ai)j| + BDkr [, || ™),
VA = M7
o
©)

mo(¢i | ¢)

where ~
ﬂ—‘%ld(ci | C)

where 7 and 7g_,, are current and old policies, €
and [ are the clipping range and KL regularization
strength, D prevents large policy deviations,
and o denote the mean and standard deviation of
rewards in the group, and A; is the standardized
group-relative advantage.

Therefore, the optimization model can effec-
tively optimize content to cover both query-specific
personalized and cross-query shared reasoning in-
formation, effectively improving its visibility in the
generated responses of GSEs.

4 Experiments

4.1 Experimental Settings

Datasets. We evaluate our methods on two
datasets: a typical dataset for GEO, i.e., GEO-
Bench (Aggarwal et al., 2024), and our proposed
dataset on the personal computer domain, i.e., PC-
GEO. Specifically, GEO-Bench is a widely used
benchmark for GEO that includes 8000 training
queries, 1000 validation queries, and 1000 test
queries, each paired with relevant web content to
support the response generation for GSEs. More-
over, we propose PC-GEQO, which contains 3533
training and 424 test queries. The associated web
content is sourced from technical forums, product
review sites, and e-commerce platforms.

Baselines. To assess the effectiveness of our
method, we compare it with several typical base-
lines. Specifically, we compare Mind Reader with
representative query-agnostic GEO methods, in-
cluding all nine optimization methods from (Aggar-
wal et al., 2024) (i.e., technical terms, cite sources,
keyword stuffing, unique words, authoritative, easy-
to-understand, statistics addition, quotation addi-
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Table 1: Comparisons in terms of objective and subjective metrics on GEO-Bench and PC-GEO for Qwen3 GSE.

Objective metrics

Subjective metrics

Dataset Method
Word Position Overall | Rel. Infl. Unique Div. FollowUp Pos. Count
Vanilla 19.92  19.72 19.85 |19.84 19.84 19.86 19.89 19.86 19.85 19.83
Technical terms 20.55 20.44  20.51 |20.07 20.10 20.10 20.11 20.08 20.13 20.09
Cite sources 2231 2224 2228 |20.58 20.78 20.72 20.61 20.53 20.79 20.75
Keyword stuffing 17.84 17.25 17.13 |19.10 18.60 18.69 19.03 18.98 18.53 18.70
Unique words 19.27 19.19 19.18 |18.59 18.00 18.16 18.52 18.53 1796 18.11
Authoritative 19.37  19.25 19.32 [19.75 19.66 19.64 19.69 19.70 19.69 19.66
GEO-Bench | Easy-to-understand | 16.19  16.15 16.20 [19.29 18.89 18.75 19.14 19.14 18.84 18.94
Statistics addition | 22.85  22.71 22.53 |20.01 20.19 20.34 19.92 20.10 20.12 20.20
Quotation addition | 22.81 22.72 2274 [20.63 20.84 20.84 20.58 20.49 20.89 20.78
Fluency optimization | 19.68  19.62 19.65 |18.96 1845 1847 18.84 18.87 18.43 18.52
RAID 20.73 2043 20.46 |20.43 20.61 20.49 2046 20.38 20.57 20.54
AutoGEOap 37.69 37.87 37.89 |22.47 2391 2481 2292 2280 24.04 23.59
AutoGEOwini 2469 2480 2491 2093 21.26 21.11 2094 2082 21.29 21.17
Ours 53.72 5313  53.39 |22.87 2530 26.75 23.74 2333 25.50 24.78
Vanilla 26.57 26.62 2642 |27.14 26.85 2693 27.12 27.11 2688 27.12
Technical terms 26.78  26.70 26.62 |27.26 27.13 27.11 2722  27.08 27.09 27.27
Cite sources 28.47 28.46 28.32 |27.53 2749 27.57 2744 2732 27.57 27.51
Keyword stuffing | 19.42  19.06 19.16 |25.01 23.88 24.38 25.11 2550 23.89 24.67
Unique words 2443 2426 2421 |2646 26.02 26.11 2646 26.61 26.03 26.36
Authoritative 2727 2722 27.06 |27.31 27.11 27.05 2723 27.13 27.10 27.22
PC-GEO Easy-to-understand | 25.81 25.88  25.62 |26.89 26.64 26.69 26.89 2686 26.66 26.85
Statistics addition | 29.80  29.23 29.80 |27.40 27.37 27.18 27.25 27.28 27.52 27.40
Quotation addition |29.62 29.72  29.60 |27.79 27.66 27.68 27.65 27.52 27.82 271.77
Fluency optimization | 25.57  25.61 2546 |26.20 25.67 25.84 2626 2649 25.65 26.11
RAID 2743 2757 2735 |27.40 27.25 2729 2731 27.16 2731 2731
AutoGEOap; 37.47 3891 38.94 |30.94 33.14 33.75 31.09 30.06 34.06 31.82
AutoGEOwini 20.02  29.04 29.06 |27.22 27.17 27.11 2720 27.06 27.20 27.17
‘ Ours ‘57.62 57.84  57.95 ‘31.62 34.08 34.76 34.10 3049 34.73 32.70

tion, and fluency optimization) and RAID (Chen
et al., 2025¢). In addition, we also compare Mind
Reader with the state-of-the-art query-aware GEO
method AutoGEO (Wu et al., 2025), including two
variants AutoGEO p; and AutoGEO\ip;.

Evaluation metrics. Following (Aggarwal et al.,
2024), we employ three objective metrics, i.e.,
word, position, and overall. Specifically, word
measures the weight of citation in the text of the
response, position reflects the isolated impact of
citation position based on exponential decay, and
overall integrates both word count and position
weighting to provide a comprehensive visibility
measure in generative engine responses. Moreover,
we also follow (Aggarwal et al., 2024) to adopt sub-
jective metrics: relevance (Rel.), influence (Infl.),
uniqueness (Unique), diversity (Div.), click likeli-
hood (FollowUp), subjective positional prominence
(Pos.), and subjective content volume (Count). All
results are reported as average percentage values

(%) computed over the test dataset.
Implementation details. We employ Qwen2.5-
7B-Instruct (Yang et al., 2025a) as the optimization
model for baselines and our method. Unless oth-
erwise specified, all experiments are conducted
against GSE based on Qwen3-30B (i.e., Qwen
GSE). Moreover, we set maximum subgraph extrac-
tion times w to 3. The optimization model is fine-
tuned for 1 epoch with the batch size of 128 using
the Adam optimizer (learning rate of 1le—5, warm-
up ratio of 0.03) on 8 NVIDIA A800 80GB GPUs,
which takes 15 and 7.5 hours on GEO-Bench and
PC-GEO, respectively.

4.2 Overall Performance

To evaluate our Mind Reader, we compare our pro-
posed method with typical query-agnostic GEO
methods and query-aware GEO methods. The re-
sults are shown in Table 1, which demonstrates
that our method outperforms baselines and ef-
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Table 2: Ablation study on GEO-Bench.

Method Word Position Overall
DRQA Rout Rsem R{:)s': Rﬁg’gm

v v v v 2945 2992 29.64

v v v v 40.61 4130 40.96

v v v v [52.38 52.84 52.60
v v v 36.97 36.84 36.95
v v v v |44.54 4493 4481
v v v v 47.81 4734 47.52
v v v v v |53.72 5313 53.39

fectively improves the content visibility within
the generated responses of GSEs. Moreover, we
provide some further insights and discussions as
follows: @ Query-agnostic GEO methods ex-
hibit some performance. Specifically, these meth-
ods outperform the vanilla baseline, achieving av-
erage word, position, and overall metrics of 23.31,
23.19, and 23.16, and average subjective metrics
of 23.22 on two datasets. @ Query-aware GEO
methods achieve better effectiveness than query-
agnostic ones. Query-aware GEO methods outper-
form query-agnostic GEO methods, achieving av-
erage word, position, and overall metrics of 32.22,
32.66, and 32.70, and average subjective metrics
of 25.97 across two datasets. We attribute these
improvements to the fact that query-aware methods
explicitly tailor the optimization to user queries,
enabling more effective content optimization. ©
Our method outperforms all baselines. Our pro-
posed method significantly outperforms the base-
lines, achieving average word, position, and overall
of 55.67, 55.49, and 55.67, and average semantic
metrics of 28.91 across two datasets. We attribute
this superiority to the fact that our method can ef-
fectively extract latent user search demands and
optimize content accordingly.

4.3 Ablation Study

We perform ablation studies on GEO-Bench to an-
alyze the effectiveness of each crucial component,
thereby providing a comprehensive understanding
of our method. The results are shown in Table 2,
and we have several observations as follows: @
DROQA significantly improves the content visibility
(row 1 vs. row 7), which illustrates that enriching
queries with latent semantic information is critical
for subsequent content optimization. @ The pro-
posed R,y is also effective in enhancing content
visibility (row 4 vs. row 7), demonstrating that
covering reasoning information facilitates the con-
tent optimization to be aligned with the user search

Ours ! 53.72 ! 53.13 ! 53.39

LM 40.13 { 40.41 { 40.42
based
Copy-| 3334 33.67 33.69
based
0 20 40 600 20 40 60 O 20 40 60
Word Position Overall

Figure 3: Evaluation of different query augmentation
strategies.

demand, thus the optimized content is prioritized
by the GSEs in the generated responses. ® R
helps to cover different information of diverse rea-
soning steps more stably, thereby achieving better
optimization results. (row 6 vs. row 7) @ Our
method yields the highest word, position, and over-
all, which illustrates that our proposed modules are
complementary, facilitating a more comprehensive
extraction of latent search demands and thereby
enabling more effective content optimization. ©
Notably, Rsem, also helps to improve the content
visibility during optimization (row 3 vs. row 7).
This is mainly because that preserving semantic
consistency is crucial for preventing semantic drift
and maintaining content fluency during optimiza-
tion, which in turn increases the likelihood that the
optimized content is adopted by GSEs.

4.4 Discussions

To evaluate our method more comprehensively, we
conduct more experiments on GEO-Bench and dis-
cuss the experimental results in this part.

Effect of query augmentation strategies. To fur-
ther evaluate the effectiveness of our designed de-
composition—recombination query augmentation,
we compare our method with two variants equipped
with different augmentation strategies: @ Copy-
based augmentation, which simply duplicates the
original query without modification; @ LLM-
augmentation, which utilizes the LLM to generate
diverse query variants based on the original query.
As shown in Figure 3, although the LLM-based
augmentation strategy offers modest gains over
the simple copying strategy, our method, which is
equipped with the designed DRQA module, signifi-
cantly outperforms these two methods. We attribute
this to the fact that our DRQA module enables fine-
grained extraction of latent semantic information
from the original query, thereby generating queries
that cover diverse semantic information beyond
surface-level information.

Robustness to surrogate reasoning. Although
most GSEs provide the reasoning steps during the
response generation, in certain scenarios, such as
when interacting with proprietary or closed-source
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Table 3: Performance comparisons under different rea-
soning chain sources. The training LLM generates CoT
for optimization, while the target GSE uses a different
LLM to generate responses.

Surrogate model Word Position Overall
Qwen2.5-7B 43.81 44.00 44.07
Qwen3-14B 52.97 53.40 53.27

Deepseek-R1-7B 43.53 44.21 43.93

Deepseek-R1-14B 49.24 49.43 49.34

systems, the reasoning steps may not be exposed.
To evaluate the robustness of our method when
the ground-truth reasoning steps from the GSE are
unaccessible, we employ two open-source LLMs
(i.e., Qwen2.5-7B (Yang et al., 2025a), Qwen3-14B
(Yang et al., 2025b), Deepseek-R1-7B (Guo et al.,
2025), and Deepseek-R1-14B (Guo et al., 2025))
as the surrogate model to obtain the reasoning steps
utilized by RCCO module of our method. As the re-
sults in Table 3 show, although the effectiveness is
slightly lower than that obtained using the ground-
truth reasoning steps of GSEs, content optimized
with reasoning steps generated by surrogate models
still attains considerable visibility. This suggests
our method is applicable even in scenarios where
reasoning steps are inaccessible. Moreover, we ob-
serve that utilizing larger surrogate models yields
better results due to their stronger reasoning capa-
bility. Notably, Qwen-based models outperform
Deepseek ones, possibly because they share a sim-
ilar architecture with the LLM of the target GSE,
leading to more aligned reasoning patterns.

Effectiveness on different LLM-based GSEs. We
further evaluate our method and query-aware GEO
baselines for more different representative GSEs
on GEO-bench, including the GSEs based on GPT
(Achiam et al., 2023) and Gemini (Team et al.,
2023) (i.e., GPT GSE and Gemini GSE). As shown
in Figure 4, our method consistently outperforms
baselines across all objective metrics. These re-
sults demonstrate the effectiveness of our method
across diverse LLM-based GSEs, underscoring its
practical applicability in real-world settings where
multiple GSEs coexist.

Evaluation of the optimization model transfer-
ability across dataset domains. To assess our
transferability across dataset domains, we eval-
uvate Mind Reader trained on GEO-Bench (gen-
eral domain) using PC-GEO test dataset (personal
computer domain), and conversely evaluate Mind
Reader trained on PC-GEO using GEO-Bench test

AutoGEOy;,,
Word

AutoGEO p;
Word Word

TN R
| I I )
Poss;x\ (yd PB;MQ\//VHH P@\H/

QweniGSE GPT GSE Gemini GSE

Figure 4: Effectiveness on different LLM-based GSEs.
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Figure 5: Cross-domain effectiveness of the optimiza-
tion model.

dataset. As shown in Figure 5, Mind Reader ex-
hibits considerable transferability when transfer-
ring from the general to the personal computer do-
main, whereas its performance degrades markedly
in the reverse direction. This asymmetry arises be-
cause the optimization strategy learned from the
general-domain dataset is more generalizable than
that learned from the domain-specific dataset.

4.5 Case Study

Here, we present a case to show the effectiveness
of the proposed Mind Reader, as shown in Table
4, demonstrating how our framework optimizes
content to effectively improve its visibility within
the generated responses of GSEs.

In the DRQA module, we construct an entity
graph for the input query and extract diverse sub-
graphs to extract diverse semantic perspectives.
Then, we infer the corresponding latent intents and
linguistic styles based on theses subgraphs. Conse-
quently, we can generate diverse query variants that
incorporate the extracted latent semantic informa-
tion, thereby facilitating more effective subsequent
content optimization.

In the RCCO module, the expanded query is
processed to derive the personalized reasoning in-
formation, alongside the shared reasoning informa-
tion distilled cross the corresponding augmented
query set. By comparing the original and optimized
content, the case study demonstrates that our frame-
work effectively guides content optimization: the
optimized content covers the personalized reason-
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Table 4: Case Study. Illustration of how our framework process the query by capturing latent semantics information
(Module 1) and guiding content to cover reasoning information (Module 2).

Module 1: Decomposition-Recombination Query Augmentation

Original Query

| What are the moral obligations of the biographer?

Expanded Queries

practice?

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

aspects of a subject’s life in their biographies?”

Module 2: Reasoning Coverage Content Optimization

Case Query: “How do biographers navigate the ethical considerations when presenting complex or controversial

Personalized Reasoning Steps (A?) for the Case Query:

[Step 1]: Identify core ethical principles (accuracy, fairness, privacy). — [Step 2]: Assess public interest and
historical significance of controversial details. — [Step 3]: Rely on verified sources to ensure factual integrity.
— [Step 4]: Balance transparency, harm mitigation, and contextualized narration.

Shared Reasoning Steps (A°) Distilled cross the Corresponding Augmented Query Set:

[Step 1]: Ensure accuracy and verifiability of biographical claims. — [Step 2]: Respect personal dignity and
justify disclosure through legitimate public interest. — [Step 3]: Avoid bias, sensationalism, and undisclosed
conflicts of interest. — [Step 4]: Situate actions within appropriate historical, cultural, and social contexts.

Original Content

Optimized Content (Ours)

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

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

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

Biographers have a moral obligation to represent their
subjects truthfully while respecting personal dignity.
This requires careful selection of verifiable facts, avoid-
ance of speculation or sensationalism, and fair treatment
of both positive and negative aspects of a subject’s life.

In fulfilling this responsibility, biographers must weigh
the public value of disclosure against potential harm to
individuals involved, and situate actions within their his-
torical and social contexts to prevent misinterpretation.
More broadly, ethical biographical writing demands ac-
curacy, fairness, and contextual sensitivity, ensuring that
moral responsibility extends beyond narrative appeal or
commercial considerations.

represents coverage of shared reasoning information.

Highlighting Convention. Blue text indicates coverage of personalized reasoning information, while purple text

ing information while covering shared reasoning
information.

5 Conclusion

In this paper, we introduce a novel GEO method,
Mind Reader, that enhances content visibility in
GSE-generated responses by optimizing content
under the guidance of extracted latent user search
demands in queries. Specifically, Mind Reader con-
sists of a decomposition-recombination query aug-
mentation module and a reasoning coverage con-
tent optimization module. The former augments
the query with the latent semantics via decomposi-
tion and recombination to expose underlying user

search demands and facilitate more effective subse-
quent content optimization, and the latter optimizes
content by encouraging both query-specific person-
alized and cross-query shared reasoning informa-
tion coverage, aligning the optimized content with
the user search demands, and thereby effectively
improving the content visibility within the gener-
ated responses of GSEs. Extensive experiments
demonstrate that Mind Reader significantly outper-
forms baselines, achieving remarkably improved
visibility (with up to 2.44x objective metrics and
1.23 x subjective metrics on average). In the future,
we plan to extend Mind Reader to cross-modal gen-
erative search scenarios, thereby supporting more
real-world applications.
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Limitations

The primary limitation of our method is the in-
creased computational overhead due to the query
augmentation, reasoning step obtainment, and fine-
tuning of the optimization model on more data.
However, it is important to note that the query aug-
mentation and reasoning step obtainment can be
performed offline, and thus the only non-negligible
overhead stems from training on the augmented
dataset. Considering the considerable effective-
ness of our method and naively increasing train-
ing data without our designed DRQA module only
yields marginal gains, the increased computational
overhead is acceptable. Moreover, as distributed
computing resources become more accessible and
cost-effective, this increased overhead can be ef-
ficiently mitigated through standard data-parallel
strategies (e.g., data parallelism across multiple
devices). We anticipate that this limitation will di-
minish in practice as scalable training infrastructure
becomes widely available.

Ethics Statement

The models utilized in this paper, including
Qwen2.5-7B, Qwen3-14B, Qwen3-30B, Deepseek-
R1-7B, Deepseek-R1-14B, GPT, and Gemini, are
employed under terms that permit academic re-
search use, and Alibaba, OpenAl, and Google allow
non-commercial academic investigation. Further-
more, the data employed in this study comprises
two benchmarks: GEO-Bench, which is publicly
available under an open license, and PC-GEO, a
domain-specific dataset is obtained from open tech-
nical forums, product review sites, and e-commerce
platforms. And all datasets are used exclusively for
academic research purposes.
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Appendix
A Additional Experiments
A.1 Hyperparameter Analysis

To analyze the effect of the maximum entity sub-
graph extraction times w, we vary w € 1,2,3,4,5
and conduct experiments on GEO-Bench against
Qwen GSE. As shown in Figure 6, both the overall
metric and the average subjective metric improve as
w increases, since a higher w facilitates capturing
more diverse semantic perspectives. Notably, the
effectiveness gains from w = 3 to w = 5 are sub-
stantially smaller than those from w =1 to w = 3.
We attribute this to the fact that when w = 3, our
method already captures most latent semantic in-
formation of the query, and further increasing w
yields limited additional benefits. Therefore, we
set w = 3 in the experiments to balance the effec-
tiveness and computational cost of our method.

—O0— Overall —LF—  Average subjective metric

50

40

Overall /
Average subjective metric (%)

1 2 3 4 5
Extraction times

Figure 6: The impact of w in terms of overall and av-
erage subjective metrics on GEO-Bench against Qwen
GSE.

A.2 Effect of Reversing Inference Order for
Intents and Styles

In the DRQA module, we first infer user intents
from the entity subgraph and then infer the corre-
sponding linguistic styles conditioned on both the
subgraph and the inferred intents. To validate the
rationality of this inference order, we conduct ex-
periments by reversing the inference order on GEO-
Bench against Qwen GSE, i.e., inferring linguistic
styles from the entity subgraph first and then infer-
ring user intents conditioned on the subgraph and
styles. As shown in Table 5, reversing the inference
order results in consistent performance degradation
across word, position, and overall compared to our
method. This result indicates that linguistic styles
are typically conditioned on user intents. Without
first inferring intents, style inference lacks suffi-
cient semantic context and may even distort the
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core semantic information.

Table 5: Performance comparisons under different infer-
ence order for intents and styles.

Inference order Word Position Overall
Style — Intent 42.52 42.49 42.57
Intent — Style (Ours) 53.72 53.13 53.39

A.3 Robustness of Our Method against
Diverse Queries

In real-world scenarios, even with similar search
demands, user queries often exhibit diversity due
to the varied ways they are expressed. Therefore,
users hardly input the exactly same query used
during optimization. This raises a critical ques-
tion: does our method generalize beyond the spe-
cific query used during optimization? To evaluate
this, we simulate realistic query diversity by gen-
erating diverse queries based on the original query
with the LLM, and then measure the visibility of
our optimized content based on the original query
against these diverse queries. As shown in Table
6, our method maintains considerable effective-
ness across diverse queries, achieving only average
0.92%, 0.39%, and 0.55% drops in terms of word,
position, and overall compared to evaluation on the
original query. This robustness stems from the fact
that our method optimizes content to cover diverse
latent user search demand information rather than
overfitting to surface-level token information, en-
abling our method’s consistent performance across
diverse user queries.

Table 6: Performance comparisons of our method
against original query and diverse queries.

Query type Word Position Overall
Original query 53.72 53.13 53.39
Diverse query 52.80 52.74 52.84

B More Details

In this part, we provide more experimental details
for reproducibility and completeness.

B.1 Dataset Details

B.1.1 GEO-Bench

GEO-Bench(Aggarwal et al., 2024) is a typical
GEO benchmark that consists of 8000 training

queries, 1000 validation queries, and 1000 test
queries, which are obtained from nine different
sources: MS MARCO (Craswell et al., 2021),
ORCAS-1 (Alexander et al., 2022), Natural Ques-
tions (Kwiatkowski et al., 2019), AllSouls, LIMA
(Zhou et al., 2023), Davinci-Debate (Liu et al.,
2023), Perplexity.ai Discover 4 ELI-5 >, GPT-4
Generated Queries. Each sample in GEO-Bench
is organized as structured data consisting of a user
query, a set of relevant web content, associated
metadata tags, and optimization targets.

B.1.2 PC-GEO

As mentioned in Section 4.1, we propose PC-
GEO, a GEO dataset on the personal computer
domain. This section details the dataset construc-
tion process. PC-GEOQ is built through a multi-stage
pipeline that leverages an LLM (i.e., Doubao-seed-
1.6 (ByteDance, 2025)) together with the web re-
trieval tool provided by the Volcano Ark API, as
outlined below:

©® Query Generation. We generate personal
computer-related user queries using the LLM to
simulate across diverse usage scenarios, budgets,
and configuration requirements. The prompt detail
is shown below:

Goal:

Your core objective is to continuously generate high-
quality, diverse, and non-repetitive questions about lap-
tops from the viewpoints of different user personas.

Persona & Context:
When generating questions, simulate the thinking and
needs of the following user personas:

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

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

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

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

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

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

*https://www.perplexity.ai/discover
5https://huggingface.co/eliS,category
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Question Dimensions & Requirements:
Your questions must cover the following dimensions
and must never be repeated:

¢ Budget & Value:

— Recommendations for the best value laptops
in specific price ranges (e.g., $500-$300,
$800-$1200, $1500+).

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

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

¢ Scenario & Use Case:

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

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

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

ing).
 Technical Specifications & Performance:

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

— The impact of different specifications on
real-world performance (e.g., 15 vs. i7 for
office tasks).

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

» User Experience & Concerns:

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

— How to choose an eye-friendly display.

— Pros and cons comparison between mechan-
ical keyboards and chiclet keyboards.

— The impact of laptop weight and size on
portability.

Output Format:
* Generate only one question per turn.

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

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

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

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

Role:
Al Personal Shopping Assistant

Goal:
Search for and recommend the most relevant products
on mainstream platforms based on user requirements.

Execution Rules (Must be strictly followed):

1. Direct Product Search:

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

2. Sorting Based on Product Sales Pages:
Recommendation results must be sorted and filtered
based on information you searched. Priority should be
given to the platform’s default sorting logic or adjusted
according to the user’s implicit priorities.

3. Search Scope and Information Sources
The search scope is primarily based on product
sales pages of mainstream e-commerce platforms such
as JD.com, Taobao, and Pinduoduo.
A small amount of content from formal and author-
itative review websites can be used as supplementary
reference.

4. Provide Reference Websites:
In your final answer, provide at least 8 reference
website URLSs that you used to gather information.

5. Output Format:
Your final answer must be returned strictly in JSON
format, as specified below:
“T7json

{

“quotations”: [

{

“url”: “XXX”,

99, . ”»

“summary’’: “Xxx

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

® LLM-based Filtering. Furthermore, we em-
ploy the LLM to extract the core textual content by
stripping away irrelevant elements such as headers,
footers, and navigation bars. The prompt detail is
shown below:
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You are a professional web content cleaner and formatter.
Your task is to accurately extract and optimize the core
readable content from the given web page text:

1. Content Cleaning:

Remove all irrelevant content, including but not
limited to headers, footers, sidebars, navigation menus,
advertisements, recommended articles, and copyright
information. Only retain the main body content of the

page.

2. Format Optimization:

Remove all HTML tags, JavaScript code, CSS styles,
URL links, special symbols (e.g., &amp;, &nbsp;), and
other non-text content. Ensure the text format is regular
and paragraphs are clear.

3. Content Output:

Present the final, clean text content in Markdown for-
mat.
Constraints:

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

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

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

B.2 Baseline Details

We compare our method with several typical base-
lines, including nine methods from (Aggarwal
et al., 2024), RAID (Chen et al., 2025c¢), and two
variants from AutoGEO (Wu et al., 2025).
Specifically, the details of nine methods from
GEO-Bench (Aggarwal et al., 2024) are as follows:

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

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

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

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

* Authoritative: Rewrite the content using a
more assertive and confident tone to convey

authority and expertise.

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

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

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

* Fluency Optimization: Improve the fluency
and coherence of content to enhance overall
readability and clarity.

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

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

B.3 Method Prompt

Here, we present the prompts used in our method.
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Extract entities from the following query.

Query: {query}

IMPORTANT:

Even if the query is short, extract ALL meaningful
entities and concepts, including:

- Named entities (people, organizations, locations,
products)

- Key concepts and technical terms

- Important nouns and noun phrases

- Domain-specific terminology

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

"entities": [

"text": "entity name

non non

, "type": "entity type",
]
3

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

- PERSON: people, authors, historical figures

- ORG: organizations, companies, institutions

- GPE: geo-political entities (countries, cities, states)

- PRODUCT: products, devices, software, tools

- CONCEPT: abstract concepts, theories, ideas

- TECH: technical terms, technologies, methods

- ACRONYM: abbreviations and acronyms

- EVENT: events, incidents, occurrences

- DATE: dates, time periods

- QUANTITY: numbers, measurements, amounts

- LAW: laws, regulations, policies

- LANGUAGE: programming languages, natural lan-
guages

- PROTOCOL: protocols, standards, specifications

- DISEASE: diseases, medical conditions

- CHEMICAL: chemicals, compounds, substances

- BIOLOGICAL: biological entities (genes, proteins,
species)

- OBJECT: physical objects, structures, infrastructure

- PROCESS: processes, procedures, activities

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

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

Entities: {texts}

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

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

{
}

"matrix": []
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Based on the following entities extracted from the query,
infer the query intents.

Entities: {entities}

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

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

"keywords": ["keywordl", "keyword2", "keyword3"]

H

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

- DEFINITION: asking what something is or means

- HOWTO: asking how to do something

- COMPARISON: comparing things

- CAUSATION: asking why something happens

- LOCATION: asking where something is

- TIME: asking when something happens

- QUANTITY: asking how many/much

- QUALITY: asking about characteristics

- EXPLANATION: asking for detailed explanation

- PROCEDURE: asking about step-by-step process

- EVALUATION: asking about pros/cons or assess-
ment

- RECOMMENDATION: asking for suggestions or
advice

- TROUBLESHOOTING: asking how to fix or solve
a problem

- GENERAL: other types

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

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

Entities: {entities}
Intents: {intents}

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

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

}

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

- STUDENT: learning the topic

- RESEARCHER: conducting research

- DEVELOPER: building software

- ENGINEER: solving technical problems

- BUSINESS: making business decisions

- ANALYST: analyzing data or trends

- GENERAL_PUBLIC: seeking general information

- ENTHUSIAST: pursuing a hobby or interest

- PATIENT: seeking health information

- CLINICIAN: providing medical care

- EDUCATOR: teaching others



- HOBBYIST: pursuing leisure activities

- PROFESSIONAL: working in the field

- POLICYMAKER: making policy decisions
- INVESTOR: making investment decisions
- CONSUMER: making purchase decisions

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

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

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

Requirements:

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

2. Use some or all of the provided entities: {entities}

3. The question should match the intent type: {intent}

4. Frame the question from the perspective of a
{role_desc}

5. The question should be specific and concrete

6. Output ONLY the question, nothing else

Original context (for reference only): {original_query}

Question:

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

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

:

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

}

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

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

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

}
Content: {

"content": {content}
}

[Evaluation Instructions]

For each reasoning step, assess whether the generated
content:

1. Explicitly addresses the step with relevant informa-
tion

2. Implicitly covers the step through related content

3. Partially touches on the step but lacks depth

4. Does not address the step at all

[Scoring Guidelines]

-0.9-1.0: Nearly all or all steps are thoroughly covered

- 0.7-0.9: Most steps are well covered, with some
minor gaps

- 0.5-0.7: About half to most steps are covered, with
notable omissions

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

- 0.1-0.3: Very few steps are covered

- 0.0-0.1: Content does not meaningfully address the
reasoning steps

[Output Format]
Strictly return a valid JSON object with a single key
"score" and a precise float value between 0.0 and 1.0.
Do not include any markdown formatting (like
""" json), explanations, or extra text. Output only the
JSON string.

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

C Notations

Table 7 summarizes the used notations in this paper.

Table 7: Summary of notations.

Notation Description
Qi User query
Q Original query set
Qi Query variant set
o) Augmented query set
Gi Entity graph
Vi Entity set
& Edge set
T 4 User intents
Sijk Linguistic styles
Pintent, Pstyles Pcov Prompts
Reov /Rsem /Rout /Rtotal Reward
AL AL Reasoning step set
Ci Original content
Gi Optimized content
T Policy
€ Clipping range
B Strength of KL regularization
I Mean of rewards
o Standard deviation of rewards
A; Group-relative advantage
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