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Abstract

Rubric generation improves the interpretabil-
ity and actionability of large language model
evaluation, but in online-to-offline (O2O)
local-life AI search, user queries often reflect
more complex needs, such as consumption in-
tent, location constraints, and scenario pref-
erences. Directly generating rubrics from a
single query tends to produce generic criteria
that fail to satisfy AI search evaluation needs,
while leveraging candidate responses, prefer-
ence samples, or external evidence at scale
remains challenging. To address these lim-
itations, we propose Category-Aware Rubric
Generation (CaRG), a category-aware eval-
uation dimension candidate pool framework.
Through embedding-based clustering, repre-
sentative selection, and iterative LLM-based
consolidation, CaRG constructs reusable can-
didate pools of both general and category-
specific evaluation dimensions from repre-
sentative historical queries. Subsequently,
these candidate pools are leveraged to gen-
erate query-level rubrics with concrete posi-
tive and negative scoring criteria for target
queries. Experimental results demonstrate that
CaRG consistently outperforms Direct-Rubric
and shows more stable overall quality than ex-
isting query-only baselines, while achieving
the strongest overall agreement with produc-
tion golden rubric rankings. Our repository is
available at https://github.com/PlussLe/
CaRG.

1 Introduction

As the capabilities of large language models con-
tinue to improve, an increasing body of work has
explored their applications across various domains
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(Zhang et al., 2026a, 2025, 2026b; Guo et al.,
2026; Feng et al., 2024; Wang et al., 2024a); mean-
while, rubric generation has also emerged as an im-
portant research direction in the field of LLM eval-
uation. Compared with assigning a single holistic
score, rubric-based evaluation can provide more
interpretable, transparent, and actionable assess-
ments by identifying where a response succeeds
and where it fails. In LLM-augmented search and
recommender systems, rubrics can further support
explainable quality diagnosis, evaluation refine-
ment, and fine-grained feedback for reward mod-
eling or preference optimization.

In online-to-offline (O2O) local-life AI search,
user queries often convey complex and concrete
consumption needs. For example, users may seek
a restaurant for a date, a nearby family-friendly
activity, or a hotel that satisfies specific budget
and location constraints. Unlike general question-
answering tasks, these queries involve not only
relevance but also consumption scenarios, geo-
graphic constraints, budget requirements, user-
group suitability, and merchant reliability. As a re-
sult, an effective rubric must capture both user in-
tent and practical decision-making requirements.

Meanwhile, large-scale local-life platforms nat-
urally accumulate massive historical queries with
business-category labels. Although individual
queries vary in their specific needs, queries within
the same category often share common evalua-
tion concerns. For example, food-related queries
may emphasize cuisine, price, dining scenarios,
and merchant reputation, whereas hotel-related
queries may focus on location, room type, facil-
ities, and transportation convenience. This ob-
servation suggests that historical queries contain
reusable evaluation knowledge that can benefit
query-level rubric generation.

However, existing methods do not fully exploit
historical queries. While prior approaches can gen-
erate rubrics from the current query or leverage
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additional supervision signals such as candidate
responses, preference data, and external evidence,
they often fail to effectively utilize category-level
evaluation knowledge embedded in large-scale his-
torical queries. How to extract reusable evaluation
dimensions from historical queries and apply them
to rubric generation for new queries remains an
open challenge.

To address this challenge, we propose Category-
Aware Rubric Generation (CaRG). CaRG first con-
structs reusable general and category-specific can-
didate rubric pools from historical queries and
their category labels in an offline stage. Given
a target query, it then incorporates these candi-
date pools as category-level knowledge to gener-
ate query-level rubrics that combine general eval-
uation requirements, category-specific knowledge,
and query-specific intent. It should be clarified,
however, that CaRG is not intended to replace
expert human judgment: human experts are bet-
ter suited to defining stable platform-level base
rubrics, while CaRG investigates how reusable
category-level knowledge from historical queries
can help LLMs generate query-specific rubrics for
diverse local-life search needs.

Our contributions are as follows:
• We formalize query-level rubric generation for

O2O local-life AI search and highlight the
challenges posed by complex user intent and
decision-oriented evaluation requirements.

• We propose Category-Aware Rubric Genera-
tion (CaRG). Without relying on human-written
query-specific rubrics, candidate responses, or
preference data, CaRG automatically constructs
reusable general and category-specific evalua-
tion dimension pools from historical queries.

• We conduct extensive experiments on real-
world local-life search queries, demonstrating
that CaRG generates higher-quality rubrics and
achieves stronger alignment with practical busi-
ness evaluation of model-response rankings, pro-
viding a scalable approach for deploying rubrics
in industrial O2O local-life AI search scenarios.

2 Related Work

Rubric-based evaluation has become an impor-
tant paradigm for assessing LLM outputs. Un-
like holistic scoring, rubrics decompose evalua-
tion into multiple fine-grained dimensions, mak-
ing the evaluation process more interpretable
and actionable. Early LLM-as-a-judge work

shows that large language models can approx-
imate human judgments in open-ended genera-
tion tasks (Liu et al., 2023; Zheng et al., 2023).
Subsequently, PandaLM (Wang et al., 2024b),
Auto-J (Li et al., 2024), and JudgeLM (Zhu
et al., 2025) further train specialized judge mod-
els on manually constructed or real-world col-
lected training sets to evaluate model responses.
In addition, LLMBar (Zeng et al., 2024) and
JudgeBench (Tan et al., 2025) construct more
challenging meta-evaluation benchmarks and find
that LLM judges still have substantial room for
improvement on difficult examples involving de-
ceptive qualities or complex reasoning. On this
basis, some work further uses rubrics for fine-
grained evaluation: Prometheus (Kim et al., 2024)
studies training a fine-grained evaluation model
given a scoring rubric and reference answer;
LLM-Rubric (Hashemi et al., 2024) uses manu-
ally constructed rubrics to conduct multidimen-
sional evaluation of natural language texts; Re-
searchRubrics (Sharma et al., 2026) constructs a
benchmark containing expert-written fine-grained
rubrics for evaluating the long-form answer qual-
ity of Deep Research systems.

Building on the above rubric-guided evaluation
studies, recent work has increasingly focused on
automatic rubric or evaluation-criteria generation.
Automatic rubric or evaluation-criteria generation
methods can be broadly divided into two cate-
gories. The first category directly generates eval-
uation criteria from the current query or instruc-
tion. Representative methods include checklist
generation and analysis (Cook et al., 2024; Wei
et al., 2025; Furuhashi et al., 2025), query-related
test question generation (Farzi and Dietz, 2024),
task decomposition (Saha et al., 2024), recursive
expansion (Gao et al., 2026), and self-adaptive
or question-specific rubric generation (Fan et al.,
2024; Pathak et al., 2025).

Another category of work introduces extra in-
formation during rubric generation, refinement, or
filtering. RRD (Shen et al., 2026) starts from ex-
isting coarse rubrics and obtains finer-grained and
less redundant criteria through recursive decom-
position and filtering. OpenRubrics (Liu et al.,
2026b) and CDRRM (Liu et al., 2026a) use pre-
ferred and rejected responses to generate or re-
fine rubrics. EvalAgents (Wadhwa et al., 2025)
discovers implicit evaluation criteria from expert-
authored web guidance. RubricRAG (Dhole and
Agichtein, 2026) retrieves rubric examples from
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semantically similar queries as few-shot context
for current rubric generation, and another line of
work uses human preferences to train a query-
specific rubric generator (Lv et al., 2026).

Existing methods do not fully exploit reusable
business knowledge accumulated in historical
queries, while additional information such as can-
didate responses and preference pairs is difficult
to construct stably in large-scale O2O AI search.
To address these limitations, this paper proposes
CaRG. CaRG only uses category labels and his-
torical queries, which are usually naturally avail-
able in large-scale local-life platforms, and there-
fore provides a more scalable and reusable source
of category-level evaluation knowledge.

3 Method

CaRG is a category-aware rubric generation frame-
work for O2O local search: we first induce
reusable evaluation dimension candidate pools
from historical platform queries, and when gener-
ating the rubric for a target query, we inject both
the general candidate pool and the corresponding
category-specific candidate pool into the LLM as
structured business knowledge.

3.1 Task Formulation

The input to the rubric generation task is a user
search query and its first-level business category,
denoted as (q, c), where q is the user query and c
is the first-level category. The goal is to generate a
set of query-level rubrics, formulated as:

R(q, c) = {r1, r2, . . . , rm}, (1)

where m denotes the number of generated rubric
dimensions. Each rubric dimension rj consists of
a dimension name, a positive scoring criterion, and
a negative scoring criterion:

rj = (nj , gj , bj). (2)

Here, nj denotes the dimension name, gj de-
notes the positive criterion describing how a high-
quality textual response should satisfy the user’s
need, and bj denotes the negative criterion describ-
ing typical errors that a low-quality response may
make under this dimension.

3.2 Overview

Figure 1 presents the unified CaRG framework,
which consists of two stages: category-aware

candidate pool construction and candidate-pool-
augmented query-level rubric generation. It is
worth noting that the candidate pools are not
fixed templates, they only serve as an “inspiration
knowledge base” for the LLM, providing broad
and well-structured evaluation directions. The fi-
nal rubric still needs to be concretized according
to the explicit requirements, implicit concerns, and
consumption scenario of the current query.

3.3 Stage I: Category-Aware Candidate Pool
Construction

To control cost while covering diverse business
scenarios, we sample a representative query set
S = {(qi, ci)}Ni=1 from the full historical query
dataset D. We first bucket queries by the combina-
tion of first-level and second-level categories, as-
sign a base sampling quota to each bucket, allocate
the remaining quota preferentially to larger buck-
ets, and then perform systematic interval sampling
within each bucket.

For each sampled query (qi, ci), an LLM gen-
erates initial general and category-specific dimen-
sions:

(Gi, Vi) = LLMinit(qi, ci). (3)

General dimensions capture evaluation direc-
tions shared across O2O AI search, while
category-specific dimensions capture business
concerns specific to the current first-level cate-
gory. Each dimension contains both a general-
ized definition and a query-specific application;
during candidate-pool construction, we only retain
the generalized definition to preserve transferable
evaluation concepts rather than query-specific ex-
amples.

We aggregate all general dimensions into an ini-
tial general candidate pool P 0

gen =
∪

iGi, and
aggregate category-specific dimensions into cate-
gory pools P 0

c =
∪

i:ci=c Vi. For representation
learning, each dimension is normalized into the
textual form of “dimension name: generalized def-
inition”. We then encode each normalized dimen-
sion text with BGE-M3 (Chen et al., 2024), apply
L2 normalization, and conduct hierarchical clus-
tering separately within the general pool and each
category-specific pool, using cosine distance, aver-
age linkage, and a distance threshold of 0.15. For
each cluster, we select the dimension closest to the
cluster centroid as its representative, compressing
semantically similar dimensions while preserving
coverage over different evaluation directions.
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Figure 1: Unified overview of the CaRG framework, including offline construction of general and category-specific
evaluation dimension candidate pools from historical query data and candidate-pool-augmented rubric generation
for a target query.

Finally, we use two rounds of LLM consolida-
tion to construct the final candidate pools. The first
round performs within-batch merging, deduplica-
tion, and splitting of entangled dimensions over
clustered representatives; the second round per-
forms global consolidation to remove cross-batch
redundancy and enforce independence and atomic-
ity. The outputs are the final general pool P ∗

gen and
category-specific pools P ∗

c , where each candidate
dimension has a standardized name and definition.

3.4 Stage II: Candidate-Pool-Augmented
Query-Level Rubric Generation

Given a target query q and its first-level category
c, we retrieve the final general candidate pool P ∗

gen

and the corresponding category-specific pool P ∗
c

from Stage I, and input them together with the tar-
get query into the LLM. The final rubric genera-
tion process is formulated as:

R(q, c) = LLMrubric(q, c, P
∗
gen, P

∗
c ). (4)

Here, P ∗
gen provides cross-category evaluation

directions, while P ∗
c provides vertical business

knowledge for the current category. The model
first analyzes the explicit requirements, implicit in-
tent, and potential consumption scenario behind

the target query. It then selects, rewrites, or ex-
tends the most relevant dimensions from the two
candidate pools, producing 3 to 8 query-specific
rubric dimensions.

Each output dimension follows the task formu-
lation:

rj = (nj , gj , bj), (5)

where nj is the dimension name, and gj and bj
are the positive and negative scoring criteria un-
der that dimension. When generating dimensions,
the model follows the principles that positive and
negative criteria should be concrete and actionable,
and that different dimensions should avoid overlap
as much as possible.

4 Experiments

4.1 Experiment Setup
We evaluate generated rubrics from two comple-
mentary perspectives. The Rubric Quality Eval-
uation focuses more on rubric quality itself, test-
ing whether different methods can better charac-
terize query intent, provide actionable scoring cri-
teria, and maintain a clear dimensional structure.
The Online AI Search Evaluation further evaluates
whether the scores obtained using automatically
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generated rubrics can align with the golden rank-
ing produced by an online production rubric.

4.1.1 Datasets
The candidate pools used by CaRG are con-
structed from 53,934 historical queries, among
which 3,177 representative queries are sampled for
candidate-dimension induction. Detailed data con-
struction, candidate-pool implementation, and pa-
rameter settings are reported in Appendices A.1,
A.2, and A.4. The Rubric Quality Evaluation
uses a standard evaluation set of 600 queries sam-
pled proportionally by first-level category; the On-
line AI Search Evaluation uses responses from
two model versions on the same online AI search
benchmark, with the version ranking produced by
a human-annotated production rubric used as the
golden ranking.

4.1.2 Baselines
We compare CaRG with four query-only baselines:
Direct-Rubric, TICK (Cook et al., 2024), BSM,
and Qworld (Gao et al., 2026). BSM is an adap-
tation of branch-solve-merge (Saha et al., 2024) to
our setting, with implementation details provided
in Appendix A.3. To reduce cost, Qworld uses
the lightweight configuration. Except that CaRG
uses the query’s first-level category to retrieve the
category-specific candidate pool, all methods only
use the query and do not rely on gold responses,
preferred or rejected responses, human annota-
tions, or external retrieval evidence. Detailed base-
line and parameter settings are provided in Appen-
dices A.3 and A.4, and prompt templates are pro-
vided in Appendix D.

4.1.3 Implementation Details
The Rubric Quality Evaluation adopts blind pair-
wise LLM meta-evaluation. Specifically, for each
query, the judge model receives two anonymized
evaluation standards, one from Direct-Rubric and
the other from the method under evaluation. The
judge uses the following three dimensions to score
and compare the two standards, and derives the
overall preference based on these three dimen-
sions: 1) #Intent: whether the evaluation standard
captures the explicit needs, implicit intent, and
local-life business pain points behind the query;
2) #Action: whether the scoring criteria are con-
crete and executable; and 3) #MECE: whether the
dimensions have clear boundaries, sufficient cov-
erage, and avoid repeated penalties. Considering

Generator Method Win #Intent #Action #MECE Total

DeepSeek-v4-flash

Qworld 6.5% 4.75 3.38 5.60 4.38
BSM 52.5% 6.76 7.07 7.28 7.01
TICK 1.8% 5.50 4.20 6.27 5.17
CaRG 58.7% 7.62 7.16 7.03 7.26

GPT-4o-mini

Qworld 3.3% 3.66 2.37 4.54 3.38
BSM 66.3% 6.42 6.77 6.75 6.60
TICK 8.8% 4.91 4.22 5.60 4.79
CaRG 64.3% 7.57 6.55 6.82 6.88

GPT-4.1

Qworld 7.8% 5.11 3.43 5.75 4.55
BSM 32.0% 5.59 6.27 7.08 6.24
TICK 0.5% 5.04 3.82 6.04 4.81
CaRG 81.7% 8.17 7.53 7.07 7.58

Gemini-3.1-pro-preview

Qworld 14.2% 5.94 4.80 6.22 5.54
BSM 37.0% 7.03 7.05 7.21 7.07
TICK 0.8% 5.28 4.05 6.45 5.10
CaRG 80.7% 8.39 7.94 7.56 7.98

Table 1: Results of Rubric Quality Evaluation. Win de-
notes the pairwise win rate against Direct-Rubric, and
each score is the mean score of the evaluated method.
Bold marks the highest value in each column under the
same generator.

possible position bias, we randomly swap the posi-
tions of the two outputs and map the final statistics
back to the original sources.

The Online AI Search Evaluation uses rubrics
or checklists generated by different methods to
score the responses of two model versions on
the online AI search benchmark, and compares
whether the resulting version-level win/loss deci-
sions agree with the golden ranking produced by
the human-annotated production rubric. We use
four metrics: Accuracy, Cohen’s Kappa, Pearson
r, and Spearman ρ. Accuracy measures agreement
on the version-level win/loss label, Kappa mea-
sures classification agreement after accounting for
chance agreement, Pearson r measures the linear
correlation between the automatic score difference
and the golden score difference, and Spearman ρ
measures rank correlation. Detailed metric com-
putation is provided in Appendix A.5.

4.2 Rubric Quality Evaluation

Table 1 reports results of Rubric Quality Eval-
uation under different generation models, with
gpt-4.1 fixed as the judge model.

From Table 1, we observe two main results:
1) CaRG consistently outperforms Direct-Rubric
across all generation models and achieves the best
or near-best win rate among query-only baselines.
Specifically, CaRG obtains the highest win rate in
3 out of 4 generator settings and remains compa-
rable to BSM under gpt-4o-mini. The gains are
especially strong under stronger generators, sug-
gesting that the candidate-pool mechanism helps
the model better use evaluation knowledge dis-
tilled from historical queries and category struc-
ture; 2) Beyond the overall win rate, CaRG is
also more balanced across #Intent, #Action, and
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#MECE under stronger generators, with a particu-
larly clear advantage in #Intent. This indicates that
the candidate pools help the model capture explicit
needs, implicit intent, and local-life business sce-
narios behind the query. Cross-judge robustness
results are reported in Appendix B.3.

A qualitative example further illustrates this dif-
ference. For the query “nearby self-service hot-
pot buffet”, Direct-Rubric captures the basic in-
tent of nearby, self-service, and hotpot, but its
dimensions remain relatively general, covering
category-location matching, decision-information
completeness, entity authenticity, and text read-
ability. In contrast, CaRG generates more O2O-
specific dimensions, such as buffet-rule and price
transparency, dish supply and feature presentation,
LBS-aware location description, and reputation
reference with pitfall avoidance. These dimen-
sions explicitly cover hidden charges, refill speed,
ingredient freshness, and real consumer reputation,
making the generated rubric more intent-aware
and actionable.

In addition, the component ablation results and
the full rubrics generated by CaRG and Direct-
Rubric for the same query are provided in Appen-
dices B.2 and C.

4.3 Online AI Search Evaluation
Because the evaluation set is smaller, we addi-
tionally report Qworld-full, the full configuration
of Qworld, in the Online AI Search Evaluation.
TICK (binary) denotes the original scoring scheme
in which each checklist item is scored as 0 or 1,
while TICK (0–5) denotes a fine-grained scheme
in which each checklist item is scored from 0 to
5. The Online AI Search Evaluation further ap-
plies different rubric generation methods to an on-
line AI search capability benchmark, with the goal
of comparing the response quality of two online
model versions. Specifically, for the same set of
online benchmark queries, we collect responses
generated by the two model versions and use a
human-annotated production rubric to evaluate the
two sets of responses, obtaining the golden rank-
ing between the model versions. We then use
rubrics or checklists generated by CaRG and other
baselines to rescore the same model responses,
and compare whether the resulting version-level
win/loss decisions agree with the golden ranking.

As shown in Table 2, CaRG achieves the high-
est agreement among all methods. It ranks first
in Accuracy, Kappa, and Spearman ρ, indicat-

Method Accuracy Kappa Pearson r Spearman ρ
CaRG 68.91% 0.3530 0.4126 0.4445
TICK (binary) 67.83% 0.3330 0.2859 0.4001
TICK (0–5) 66.43% 0.3075 0.4333 0.4286
BSM 66.43% 0.3065 0.2917 0.3461
Qworld-full 65.73% 0.2804 0.3442 0.3537
Direct-Rubric 63.16% 0.2419 0.3892 0.4251
Qworld 58.04% 0.1488 0.2145 0.2481

Table 2: Results of Online AI Search Evaluation. Bold
indicates the best value in each metric.

ing that in the real online AI search benchmark
for model-version evaluation, CaRG best repro-
duces the evaluation conclusions produced by the
human-annotated production rubric. TICK (0–5)
obtains the highest Pearson r, suggesting stronger
score-margin correlation, but it remains lower than
CaRG in version-level win/loss agreement and
ranking consistency. Therefore, from the practical
needs of online model-version evaluation, CaRG
performs best on the more critical agreement met-
rics.

Compared with Direct-Rubric, the improve-
ment of CaRG shows that candidate pools not only
improve surface-level rubric quality, but also im-
prove alignment with real model-response evalua-
tion. Qworld-full improves over the lightweight
Qworld configuration, but the full configuration
requires more LLM calls and is costly for large-
scale online use. TICK is competitive when used
directly as a scoring tool, but together with the
Rubric Quality Evaluation, its results suggest that
checklist-only outputs are still not suitable as final
structured rubrics. BSM is relatively stable, but re-
mains weaker than CaRG in alignment with the
human-annotated production-rubric golden rank-
ing.

Overall, the two evaluations provide comple-
mentary evidence for CaRG. The experimental re-
sults suggest that reusable candidate pools con-
structed from historical queries and category struc-
ture are useful not only for generating better query-
level rubrics, but also for supporting practical O2O
AI search evaluation.

5 Conclusion

In O2O local-life AI search, user queries often
contain concrete consumption needs, category-
related constraints, and decision-oriented evalua-
tion requirements. Based on this, we propose
CaRG, a category-aware rubric generation frame-
work. CaRG constructs reusable general and
category-specific evaluation dimension candidate
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pools from historical queries, and when generat-
ing rubrics for a target query, injects these can-
didate pools into the LLM as structured business
knowledge, thereby generating query-level rubrics
with concrete positive and negative scoring crite-
ria. Blind pairwise LLM meta-evaluation on 600
stratified sampled queries shows that CaRG con-
sistently improves over Direct-Rubric and exhibits
more stable overall quality than other query-only
baselines. Further evaluation on an online AI
search benchmark shows that CaRG is most con-
sistent with the ranking decisions produced by a
human-annotated production rubric. These results
indicate that historical queries and category struc-
ture can provide an effective and scalable source
of reusable evaluation knowledge for O2O rubric
generation.

Limitations

The current rubric schema is designed for text-
based evaluation and cannot directly evaluate mul-
timodal or interactive search results, such as UI
layout, map cards, merchant images, navigation
buttons, filtering widgets, or visual presentation
quality. CaRG uses reliable category labels that
have been stably applied in the production sys-
tem. Therefore, when transferring the framework
to other platforms or business domains, the relia-
bility of the category labels must also be ensured
to prevent the candidate pools from being contam-
inated by noise. Meanwhile, if other platforms
have a similar structure, they may also leverage
their own historical queries and labels to explore
CaRG-style candidate-pool construction methods.
CaRG focuses on query-specific rubric generation
and does not define platform-level evaluation prin-
ciples by itself; expert-written base rubrics and
periodic human audits are still needed for safety,
fairness, compliance, and business-policy require-
ments.

Ethical Considerations

All data used in this paper were accessed and pro-
cessed by the two student authors during their in-
ternships at Meituan. Before use, the data were
sufficiently de-identified, used solely for offline re-
search, and could not be used to identify individual
users. To comply with the company’s data gov-
ernance and privacy protection requirements, we
do not release raw queries, model responses, or
complete production rubrics. For transparency, we

report the method pipeline, prompts, evaluation
protocol, and metric computation details in the
main text and appendix. Although CaRG does not
use user profiles and generates rubrics solely from
the input query and category information, LLM-
generated rubrics may still exhibit stereotypes or
biases and therefore require targeted mitigation.
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A Implementation Details

A.1 Data Construction

This subsection describes how the data used in
candidate-pool construction and the two experi-
ments is constructed. For candidate-pool construc-
tion, we start from 53,934 processed historical
queries. We sample 3,177 representative queries
for candidate-dimension induction. During sam-
pling, queries are first bucketed by the combina-
tion of first-level and second-level categories, and
systematic interval sampling is then performed
within each bucket to cover different business cat-
egories and long-tail scenarios.

For the Rubric Quality Evaluation, we con-
struct a 600-query standard evaluation set from
the 3,177 representative queries. The 600 queries
are sampled proportionally by first-level category
with random seed 42. This evaluation set is used
for blind pairwise LLM meta-evaluation of rubric
quality. For each query, each method generates a
rubric or checklist, and the generated evaluation
standard is compared against Direct-Rubric under
the same query.

For the Online AI Search Evaluation, the data is
constructed from responses produced by two on-
line model versions on the same online AI search
benchmark. The two online models directly an-
swer the same set of benchmark queries. We
then use a human-annotated production rubric to
score the two model responses for each query and
obtain the golden ranking between the two on-
line model versions. Each automatic method is
then used to generate a rubric or checklist for the
same query, score the two online model responses,
and compare its win/loss decision with the human-
annotated production-rubric golden ranking.

The parameter settings, metric computation de-
tails, and prompt templates used in the experi-
ments are summarized in Appendices A.4, A.5,
and D.

A.2 Candidate-Pool Implementation

This subsection summarizes the implementation
details of candidate-pool construction used by
CaRG. The overall procedure is described in Sec-
tion 3; here we focus on the concrete settings used
in the experiments.

In the initial dimension generation stage, we use
Gemini-3.1-pro-preview. For each sampled query,
the model generates both general dimensions and
category-specific dimensions. We then use a lo-
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cally deployed bge-m3 model to extract embed-
dings for the corresponding dimension definitions.
Specifically, for each dimension, we take the CLS
token representation from the last hidden layer of
bge-m3 as the dimension embedding and apply L2
normalization.

After obtaining the embeddings of all dimen-
sions, we perform hierarchical clustering. The dis-
tance metric is cosine distance, the linkage crite-
rion is average linkage, and the distance threshold
is set to 0.15. After obtaining the clusters, we se-
lect the dimension closest to the cluster centroid
by cosine similarity as the representative of that
cluster.

After clustering, we use Gemini-3.1-pro-
preview for two rounds of LLM consolidation
to deduplicate and merge dimensions. In the
first round, every 100 representative dimensions
are processed as one batch for within-batch
consolidation. In the second round, the first-round
outputs are consolidated globally, producing the
final general candidate pool and category-specific
candidate pools. During final query-level rubric
generation, the model outputs 3 to 8 dimensions
for each query, and each dimension consists of
a dimension name, a positive criterion, and a
negative criterion.

A.3 Baseline Details

• Direct-Rubric. Direct-Rubric is the most di-
rect baseline. It only takes the query as in-
put and directly generates a rubric through a
single LLM call. Its output format is consis-
tent with CaRG: it generates 3 to 8 rubric di-
mensions, and each dimension contains a di-
mension name, positive scoring criterion, and
negative scoring criterion. Direct-Rubric can
be viewed as an ablation-style comparison for
CaRG, since the only difference is whether
candidate pools are introduced.

• TICK. TICK generates checklist questions
for each query as the rubric result. In the On-
line AI Search Evaluation, we use two scor-
ing schemes for TICK. The first is binary
checklist scoring, which follows the original
paper: each checklist item receives one point
if the response satisfies it, and zero other-
wise. The second is 0–5 fine-grained check-
list scoring: each checklist item is scored
from 0 to 5 according to its degree of sat-
isfaction, then all checklist-item scores are

summed and divided by the maximum pos-
sible checklist score under the current query
to obtain the normalized final score.

• BSM. BSM adapts the branch-solve-merge
framework to O2O rubric generation. It con-
tains three stages: the Branch stage decom-
poses evaluation directions, the Solve stage
generates a rubric item for each branch, and
the Merge stage merges and deduplicates
candidate dimensions while preserving the
MECE structure as much as possible. In the
Rubric Quality Evaluation, BSM is run un-
der the four selected generation models; in
the Online AI Search Evaluation, Gemini-3.1-
pro-preview is used for all three stages.

• Qworld. Qworld is adapted from the open-
source Qworld implementation. Starting
from a query, it sequentially generates scenar-
ios, perspectives, and criteria, and then per-
forms semantic deduplication. In the Rubric
Quality Evaluation, to control cost, we use
a lightweight Qworld configuration: it gen-
erates only one initial scenario and one ini-
tial perspective, performs no additional sce-
nario or perspective expansion, performs only
one round of criteria expansion, and sets the
semantic deduplication threshold to 0.8. In
the Online AI Search Evaluation, because the
number of queries is smaller, we addition-
ally introduce Qworld-full, which uses the
full tree-expansion configuration. Based on
the generated results, Qworld-full requires
roughly 10 to 20 LLM calls per query on av-
erage, and is therefore unsuitable for large-
scale online use.

A.4 Parameter Settings
For candidate-dimension induction, CaRG uses
Gemini-3.1-pro-preview with temperature 0.6 and
maximum output length 4096. For embedding
extraction, bge-m3 uses maximum input length
512 and batch size 64. For LLM consolidation
after clustering, we use Gemini-3.1-pro-preview
with temperature 0.3 and maximum output length
16,384. For final rubric generation, CaRG and
Direct-Rubric use temperature 0.6 and maximum
output length 4096. The other rubric-generation
baselines use the same generation setting as Direct-
Rubric unless otherwise stated. In the Rubric
Quality Evaluation, the rubric-pair judge uses tem-
perature 0.0 and maximum output length 8192. In
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the Online AI Search Evaluation, the response-
scoring judge uses temperature 0.0 and maximum
output length 4096.

A.5 Metric Computation
In the Rubric Quality Evaluation, the judge scores
each rubric on #Intent, #Action, and #MECE us-
ing a 1–9 scale. The total score is computed as

Total = 0.3 · #Intent + 0.4 · #Action

+ 0.3 · #MECE.
(6)

The pairwise decision is determined by the to-
tal scores after the anonymized A/B positions are
mapped back to the true method identities.

In the Online AI Search Evaluation, we com-
pare each automatic method with the human-
annotated production-rubric golden ranking. Ac-
curacy is the fraction of queries whose win/loss/tie
label exactly matches the golden label. Cohen’s
Kappa is computed over the three labels {A, B,
Tie} to measure agreement after removing chance
agreement. For score-margin correlation, the
judge-side score is first normalized by the max-
imum possible score under the current rubric or
checklist, and the predicted margin is computed
as the normalized score of Model A minus that
of Model B. Pearson’s r measures linear correla-
tion between predicted and golden score margins,
while Spearman’s ρ measures rank correlation af-
ter converting margins into ranks.

B Additional Experiment Results

B.1 Split Robustness and Data Leakage
Discussion

The original 600-query Rubric Quality Evalua-
tion set is sampled from the 3,177 representa-
tive queries used for candidate-dimension induc-
tion, which may raise concerns about data leak-
age. We first clarify that Stage I of CaRG does
not retain directly reusable query-specific rubrics.
Specifically, in the initial dimension generation
stage, the LLM generates both general dimen-
sions and category-specific dimensions for each
sampled query, and each dimension contains both
a generalized definition and a query-specific ap-
plication. However, during candidate-pool con-
struction, we only retain the generalized defini-
tion, with the goal of preserving transferable eval-
uation concepts rather than query-specific exam-
ples. These generalized definitions are then pro-
cessed through embedding-based clustering, repre-

sentative selection, and two rounds of LLM-based
deduplication and consolidation. The final candi-
date pools therefore contain more abstract general
and category-level evaluation dimensions, which
serve as inspiration for query-level rubric genera-
tion rather than final query-specific rubrics.

In earlier trials, we also tried directly select-
ing dimensions from the candidate pools during
Stage II to generate rubrics, but this brought lim-
ited gains. Through case analysis, we found
that dimensions in both the general pool and the
category-specific pool are still relatively generic
and cannot directly satisfy fine-grained query-
level evaluation needs. Therefore, the gains of
CaRG do not come from retaining or reusing
query-specific rubrics or query-specific examples.

Nevertheless, we agree that the original data
split may still raise concerns. To further address
this concern, we additionally sampled 600 queries
from the original 53,934 historical queries. Only
41 of them overlap with the candidate-pool con-
struction set, accounting for 6.8%, while the re-
maining 559 queries are not used in candidate-
pool construction. With gpt-4.1 fixed as the
pairwise judge, CaRG still clearly outperforms
Direct-Rubric under gpt-4o-mini, gpt-4.1, and
Gemini-3.1-pro-preview generators, with win
rates of 60.5%, 79.7%, and 84.0%, respectively.
These results remain consistent with the origi-
nal trend, indicating that CaRG’s gains are not
driven by overlap between evaluation queries and
candidate-pool construction data.

B.2 Component Ablation

To analyze the respective contributions of the gen-
eral candidate pool and the category-specific can-
didate pool, we further conduct a component-
level ablation on the newly sampled 600-query set.
Specifically, we compare CaRG without the com-
mon/general pool, CaRG without the category-
specific pool, and full CaRG. In this experiment,
both the rubric generation model and the pairwise
judge model are fixed as gpt-4.1.

Setting Direct Win Method Win Tie
w/o Common Pool 24.5% 72.8% 2.7%
w/o Category-Specific Pool 21.7% 75.7% 2.7%
Full CaRG 18.8% 79.7% 1.5%

Table 3: Component ablation on the newly sampled
600-query set. Both the rubric generation model and
pairwise judge model are fixed as gpt-4.1.

Table 3 shows that removing either the com-

1101



mon/general pool or the category-specific pool
still outperforms Direct-Rubric, while full CaRG
achieves the highest win rate. Full CaRG improves
over w/o Common Pool by 6.9 percentage points
and over w/o Category-Specific Pool by 4.0 per-
centage points. These results indicate that both
pools contribute useful reusable knowledge, and
that combining general and category-specific can-
didate dimensions brings additional gains.

B.3 Cross-Judge Robustness

Table 4 reports the cross-judge robustness results
of CaRG in the Rubric Quality Evaluation, with
Gemini-3.1-pro-preview fixed as the generation
model. CaRG remains preferred over Direct-
Rubric across all judge models.

Judge Direct Win CaRG Win Tie Direct Total CaRG Total ∆ Total
GPT-4.1 17.0% 80.7% 2.3% 6.891 7.978 +1.087
DeepSeek-v4-flash 21.3% 77.8% 0.8% 6.871 7.763 +0.892
GLM-4.6 24.7% 75.0% 0.3% 7.377 8.190 +0.813
GPT-4o-mini 18.0% 49.3% 32.7% 6.245 7.092 +0.848

Table 4: Cross-judge robustness in the Rubric Qual-
ity Evaluation. ∆ Total denotes CaRG minus Direct-
Rubric.

C Rubric Examples

This section provides an example of rubrics gen-
erated by CaRG and Direct-Rubric for the same
query.

Query: nearby self-service hotpot buffet
First-level category: Food

CaRG output:
{

"intent_analysis": "The user wants to find nearby buffet
restaurants centered on hotpot. The core requirements
are proximity and a self-service dining mode. Potential
pain points include hidden charges common in buffets,
such as separately charged soup bases, stale
ingredients, or slow dish refills. The user is highly
sensitive to price, dish variety, and authentic
reputation.",

↪→
↪→
↪→
↪→
↪→
↪→
↪→
"rubric_dimensions": [

{
"dimension_name": "Intent Precision: Category and

Service-Mode Matching",↪→
"good_response_criteria": "The recommended merchants

must strictly satisfy both the hotpot and
self-service conditions, such as self-service
rotating hotpot, hotpot-and-barbecue buffet, or
seafood hotpot buffet, and the text should
explicitly state the self-service attribute.",

↪→
↪→
↪→
↪→
↪→
"bad_response_criteria": "The response deviates from

the core intent, for example recommending ordinary
a la carte hotpot restaurants such as Haidilao or
Banu, or recommending pure barbecue buffets, pure
Japanese buffets, or other restaurants that do not
include hotpot."

↪→
↪→
↪→
↪→
↪→

},
{
"dimension_name": "LBS Awareness and Location

Description",↪→
"good_response_criteria": "The textual answer should

respond to the nearby constraint and provide
concrete location references, such as business
district, street, landmark, or mall floor, so that
the user can roughly perceive the distance and
direction of the store from the text alone.",

↪→
↪→
↪→
↪→
↪→

"bad_response_criteria": "The response completely lacks
location descriptions, only lists national chain
brands without pointing to specific stores, or
contains obvious address hallucinations, such as
describing a store in City A as being in City B."

↪→
↪→
↪→
↪→

},
{
"dimension_name": "Price Transparency and Buffet Rules",
"good_response_criteria": "The response should clearly

provide an estimated per-person price or group-buy
package price, and proactively explain key buffet
rules, such as dining time limits, whether a
clean-plate deposit is charged, and whether soup
bases, condiments, or drinks require extra fees.",

↪→
↪→
↪→
↪→
↪→
"bad_response_criteria": "The response lacks key price

information, or says nothing about common hidden
costs in buffets, such as separately charged soup
bases or limited portions of premium seafood, which
may mislead users into incorrect price
expectations."

↪→
↪→
↪→
↪→
↪→

},
{

"dimension_name": "Dish Supply and Feature
Presentation",↪→

"good_response_criteria": "The response should
specifically list core high-value ingredients,
such as freshly sliced beef, live shrimp, or beef
tripe, or distinctive soup bases, and state whether
additional categories such as barbecue, desserts,
or drinks are included, helping users concretely
judge whether the buffet is worth the price.",

↪→
↪→
↪→
↪→
↪→
↪→
"bad_response_criteria": "The response only stacks

generic phrases such as rich dishes, good taste, or
everything is available, without any concrete
ingredient or flavor details."

↪→
↪→
↪→

},
{

"dimension_name": "Reputation Reference and Pitfall
Avoidance",↪→

"good_response_criteria": "The response should
objectively summarize real consumer feedback, not
only extracting key selling points but also
providing practical pitfall-avoidance tips or
expectation management, such as long queues at meal
times, slow refills for a popular meat item, or a
somewhat crowded environment.",

↪→
↪→
↪→
↪→
↪→
↪→
"bad_response_criteria": "The response reads like

merchant marketing copy, exaggerates excessively
without any flaws, or fabricates false reviews that
do not match the actual store situation."

↪→
↪→
↪→

}
]

}

Direct-Rubric output:
{
"intent_analysis": "The user is looking for a self-service

hotpot restaurant near the current location. The core
needs are immediate dining and high cost performance;
the pain points are being recommended a la carte hotpot
restaurants, non-hotpot buffets, or stores that are too
far away.",

↪→
↪→
↪→
↪→
↪→
"rubric_dimensions": [

{
"dimension_name": "Category and Location Matching",
"good_response_criteria": "The response should

accurately recommend restaurants that have both
self-service and hotpot attributes, such as
self-service rotating small hotpot, wagyu sukiyaki
buffet, or seafood hotpot buffet, and clearly
reflect the distance concept of nearby,
surrounding, or same business district in the
text.",

↪→
↪→
↪→
↪→
↪→
↪→
↪→
"bad_response_criteria": "The response has category

drift, such as recommending a la carte hotpot
restaurants like Haidilao, or only recommending
barbecue buffets or ordinary hotel buffets without
hotpot; alternatively, it ignores the nearby intent
and recommends well-known stores across districts
or cities."

↪→
↪→
↪→
↪→
↪→
↪→

},
{

"dimension_name": "Completeness of Decision
Information",↪→
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"good_response_criteria": "For the recommended
self-service hotpot restaurants, the response
should provide key consumption decision
information, including but not limited to estimated
per-person price, main features such as unlimited
wagyu beef, unlimited beef tripe, or
budget-friendly student options, and a specific
business district or street address.",

↪→
↪→
↪→
↪→
↪→
↪→
↪→
"bad_response_criteria": "The response lacks

information or stacks empty phrases, only listing
store names without price or feature descriptions,
or using generic statements such as this store is
delicious or the environment is nice."

↪→
↪→
↪→
↪→

},
{
"dimension_name": "Entity Authenticity

(Anti-Hallucination)",↪→
"good_response_criteria": "The recommended store names

and brands should conform to real-world restaurant
knowledge, such as common chain self-service hotpot
brands or reasonable local merchant names.",

↪→
↪→
↪→
"bad_response_criteria": "The model shows serious

hallucination by fabricating nonexistent stores,
such as Nearby Self-Service Hotpot No. 1 or
Selected Self-Service Hotpot Buffet, or forcibly
describing well-known pure a la carte hotpot brands
as buffets."

↪→
↪→
↪→
↪→
↪→

},
{
"dimension_name": "Text Structure and Readability",
"good_response_criteria": "The response should use a

structured list or segmented format, such as store
name - price - features, and provide 3 to 5 options
with different price ranges or features for quick
scanning and horizontal comparison.",

↪→
↪→
↪→
↪→
"bad_response_criteria": "The response mixes

information about multiple stores into one long
paragraph, lacking clear formatting and
punctuation separation, making it difficult for
users to quickly extract useful options."

↪→
↪→
↪→
↪→

}
]

}

In this example, both methods identify the core
intent of finding nearby self-service hotpot, but
CaRG produces a more O2O-specific and action-
able rubric. First, CaRG separates category match-
ing from LBS-aware location description, making
it possible to evaluate whether a response both
matches the hotpot-buffet intent and provides us-
able local-position information. Second, CaRG in-
troduces price transparency and buffet rules as an
independent dimension, explicitly covering com-
mon local-life risks such as separately charged
soup bases, extra condiment or drink fees, dining
time limits, and other hidden costs. Third, CaRG
makes the consumption experience more concrete
by requiring details about dish supply, high-value
ingredients, and refill-related expectations, rather
than only asking for generic decision informa-
tion. Finally, CaRG includes reputation reference
and pitfall avoidance, encouraging the evaluator to
check whether the response provides realistic con-
sumer feedback and practical warnings. By con-
trast, Direct-Rubric covers the basic intent and re-
sponse format, but some of its dimensions, such as
entity authenticity and text readability, are more
general and less tied to the user’s actual dining

decision. This illustrates how candidate-pool aug-
mentation helps CaRG generate rubrics that better
capture implicit local-life concerns and produce
more executable scoring criteria.
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D Prompt Templates

This section directly lists the prompts used in the
implementation.

D.1 Candidate-Dimension Induction Prompt
The following is the translated English version.
build_data stage prompt: generation for the 3,177 sampled

queries↪→
system = """
# Role
You are a senior local-life search algorithm expert and

consumer behavior analyst.↪→

# Background
We are building a platform-wide "search evaluation dimension

standard dictionary (Schema)" for a local-life search
platform.

↪→
↪→
To ensure that the dictionary has both "high generalization and

reusability" and "real business-guidance value",↪→
you need to deeply analyze the input Query and strictly follow

the output requirements.↪→

# Task
I will provide a real [User Query] and the [first-level

business category] that the Query belongs to.↪→
Please extract 3-5 core evaluation dimensions and strictly

divide them into "general dimensions" and "specific
dimensions".

↪→
↪→
For each dimension, you must output both [generalized

definition] and [query-specific scoring criteria for the
current Query].

↪→
↪→

# Guidelines
1. Strict classification and naming:

- General dimension: [General] - Dimension name
- Specific dimension: [{current first-level category}] -

Dimension name↪→

2. Strict separation between generalization and concretization
(extremely important!):↪→
- general_definition: a highly abstract dictionary-style

explanation; it must never include concrete words from
the current Query

↪→
↪→
- query_specific_application: tightly follow the Query

context and include concrete dishes/places/scenarios
when writing scoring criteria"""

↪→
↪→

user = """
Current first-level category: {category}
User Query: {query}
"""

D.2 Candidate-Pool Consolidation Prompt
The following is the translated English version.
Pool construction stage after embedding:
SYSTEM_PROMPT = (

"You are a top-level local-life platform data architect and
taxonomy expert."↪→

"You are good at taking a global perspective to decouple,
deduplicate, and reorganize redundant label systems,"↪→

"and ultimately build a Golden Schema that satisfies the
MECE principle (mutually exclusive and collectively
exhaustive)."

↪→
↪→

)
USER_PROMPT_TEMPLATE = """
# Background
I provide you with a set of [representative evaluation

dimensions]. These dimensions are "cluster
representatives" extracted from different data clusters in
the previous step.

↪→
↪→
↪→
However, from a global perspective, there are still serious

problems among these representative dimensions, such as
"semantic overlap", "hypernym-hyponym inclusion", and

↪→
↪→
"concept stitching (one dimension mixes two unrelated physical

concepts)".↪→

# Task
Please perform global deduplication, decoupling, and final

merging on this batch of input dimensions, and output an
absolutely clean, mutually exclusive, and atomic core
dimension dictionary.

↪→
↪→
↪→

# Guidelines
1. Strong deduplication and merging: dimensions with the same

core meaning must be forcefully merged; for inclusion
relations, keep the higher-level dimension

↪→
↪→
2. Decouple and split stitched monsters (extremely important!):

dimensions that contain two independent variables at the
same time must be split

↪→
↪→
3. Strictly prevent over-merging: maintain the "atomicity" of

dimensions and do not squeeze independent important
dimensions together

↪→
↪→
4. Write final definitions: use the naming format "[{prefix}] -

Dimension name", and use sentence patterns such as
"evaluate whether the merchant..."

↪→
↪→

# Output Format (strict JSON)
{

"global_analysis": "About 100 Chinese characters, describing
the overlap/stitching problems found",↪→

"final_dimensions": [
{
"standard_name": "[{prefix}] - Final standard dimension

name",↪→
"standard_definition": "Highly inclusive and mutually

exclusive objective dictionary-style definition",↪→
"merged_source_ids": [1, 5, 8]

}
],
"discarded_ids": []

}
All input IDs must and can only appear in merged_source_ids or

discarded_ids; none may be omitted!↪→

# Input
Current category prefix being processed: [{prefix}]
Representative dimension list to be deduplicated and decoupled:
{candidates_json_with_ids}
"""

D.3 CaRG Rubric Generation Prompt
The following is the translated English version.
Rubric-generation prompt for CaRG
SYSTEM_PROMPT = "You are a senior local-life search quality

evaluation expert. Your core task is to create a
professional scoring rubric for a specific user search term
(Query), used to evaluate the quality of the [pure-text]
final answer/result page given by a large language model or
search system."

↪→
↪→
↪→
↪→
↪→
USER_TEMPLATE = """\
# Background

To help you build the most professional scoring rubric that
best fits the business scenario, I provide you with two
sets of [evaluation-dimension candidate pools] as your
"inspiration knowledge base":

↪→
↪→
↪→

1. **[General candidate pool] (foundation of basic
experience)**:↪→

- **Meaning**: represents the general basic concerns and
experience bottom lines when users search across the
local-life platform.

↪→
↪→
- **Function**: covers dimensions such as LBS

spatial-distance matching, business-status accuracy,
intent semantic alignment, and review authenticity,
ensuring that the recommendations given by the large
model are "accurate to find, do not lead to wasted
trips, and contain truthful information".

↪→
↪→
↪→
↪→
↪→

2. **[Category-specific candidate pool] (vertical business
depth)**:↪→

- **Meaning**: represents the specific business pain points
and consumer psychology under the particular vertical
category to which the current Query belongs.

↪→
↪→
- **Function**: for example, "taste authenticity/pricing

transparency" in the food category, and "hygiene
conditions/facility completeness" in the hotel category,
ensuring that the recommendations given by the large
model "understand category rules, avoid hidden pitfalls,
and have depth".

↪→
↪→
↪→
↪→
↪→

These two candidate pools provide you with a panoramic map of
evaluation directions and serve as the inspiration source
and reference baseline for creating the final scoring
criteria.

↪→
↪→
↪→
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# Task

Please strictly follow the steps below to create the scoring
rubric:↪→

**Step 1: Deep intent decomposition and scenario inference**
- Analyze the explicit needs of the [User Query] (what the user

literally wants to find) and the implicit needs (what
potential concerns or specific preferences lie behind it).

↪→
↪→
- Infer the user's current consumption scenario (e.g.,

immediate craving, weekend gathering, or out-of-town
travel check-in), and identify whether this Query has
error-prone points (e.g., typos, easily confused imitation
brands, etc.).

↪→
↪→
↪→
↪→

**Step 2: Extract and reorganize core evaluation dimensions**
- Based on the intent analysis in Step 1, examine the two

[candidate pools] I provide.↪→
- Extract **3-8** core evaluation dimensions that determine

whether the answer to this Query is good or bad.↪→
- **Operational guidance**: you may directly select dimensions

from the candidate pools that are highly suitable; you may
also slightly adjust dimensions from the candidate pools to
better fit the current Query; if the Query is extremely
special, you may even go beyond the candidate pools and
summarize new evaluation dimensions yourself.

↪→
↪→
↪→
↪→
↪→

**Step 3: Create concrete positive and negative scoring
criteria**↪→

- For each dimension you extract, write highly targeted
positive (high-score) and negative (deduction) evaluation
criteria.

↪→
↪→
- The high-score criteria should describe how the large model

should perfectly solve the user's pain points through text;
the deduction criteria should precisely anticipate
mistakes the large model is likely to make (such as rigid
word splitting, common-sense errors, empty verbose content,
etc.).

↪→
↪→
↪→
↪→
↪→

# Evaluation Guidelines

1. **Use the candidate pools as flexible inspiration**: the
candidate pools provide inspiration and reference for
evaluation directions. You can directly use dimension
names from the candidate pools, or you can independently
extract, modify, or combine more suitable dimension names
according to the special context of the current Query,
without being rigidly constrained by the candidate pools.

↪→
↪→
↪→
↪→
↪→
↪→

2. **The evaluation object is pure text**: the criteria you
create must be directly judgeable by evaluators only by
reading the text generated by the large model. You cannot
require evaluators to verify offline real-time status (such
as current queue length or whether a dish is sold out), and
you cannot require the large model to have frontend UI
capabilities (such as map cards or one-click navigation).

↪→
↪→
↪→
↪→
↪→
↪→

3. **Dimensions must not overlap**: the selected or extracted
dimensions must each have their own responsibility
(satisfying the MECE principle); the same error can only be
penalized under one dimension, and logical overlap is never
allowed.

↪→
↪→
↪→
↪→

4. **Scoring criteria must be concrete**: good criteria should
tightly follow the Query context, and bad criteria should
point out mistakes the large model is genuinely likely to
make (such as answering off-topic, hallucinating addresses,
or lacking key decision-making information). Reject
generic empty statements that apply everywhere.

↪→
↪→
↪→
↪→
↪→

# Output Format (strictly output JSON; do not output any
Markdown markers or extra text)↪→

{{
"intent_analysis": "Briefly describe the user's core need and

potential pain points (within 50 Chinese characters).",↪→
"rubric_dimensions": [

{{
"dimension_name": "Selected or self-extracted dimension

name",↪→
"good_response_criteria": "[Tightly follow the Query]

Specific high-score pure-text answer performance...",↪→
"bad_response_criteria": "[Tightly follow the Query]

Specific deduction pure-text answer performance..."↪→
}}

]
}}

# Input

User Query: [{query}]

[General candidate pool] (covers basic evaluation directions,
for inspiration and reference):↪→

{common_pool_json}

[Category-specific candidate pool] (covers evaluation
directions specific to the [{category}] category, for
inspiration and reference):

↪→
↪→
{category_pool_json}"""

D.4 Direct-Rubric Prompt
The following is the translated English version.

rubric_direct prompt:
SYSTEM_PROMPT = "You are a senior local-life search quality

evaluation expert. Your core task is to create a
professional scoring rubric for a specific user search term
(Query), used to evaluate the quality of the [pure-text]
final answer/result page given by a large language model or
search system."

↪→
↪→
↪→
↪→
↪→
USER_TEMPLATE = """\
# Task

Please strictly follow the steps below to create the scoring
rubric:↪→

**Step 1: Deep intent decomposition and scenario inference**
- Analyze the explicit needs of the [User Query] (what the user

literally wants to find) and the implicit needs (what
potential concerns or specific preferences lie behind it).

↪→
↪→
- Infer the user's current consumption scenario (e.g.,

immediate craving, weekend gathering, or out-of-town
travel check-in), and identify whether this Query has
error-prone points (e.g., typos, easily confused imitation
brands, etc.).

↪→
↪→
↪→
↪→

**Step 2: Extract core evaluation dimensions**
- Based on the intent analysis in Step 1, use your local-life

business knowledge to brainstorm and extract **3-8** core
evaluation dimensions that determine whether the answer to
this Query is good or bad.

↪→
↪→
↪→

**Step 3: Create concrete positive and negative scoring
criteria**↪→

- For each dimension you extract, write highly targeted
positive (high-score) and negative (deduction) evaluation
criteria.

↪→
↪→
- The high-score criteria should describe how the large model

should perfectly solve the user's pain points through text;
the deduction criteria should precisely anticipate
mistakes the large model is likely to make (such as rigid
word splitting, common-sense errors, empty verbose content,
etc.).

↪→
↪→
↪→
↪→
↪→

# Evaluation Guidelines

1. **The evaluation object is pure text**: the criteria you
create must be directly judgeable by evaluators only by
reading the text generated by the large model. You cannot
require evaluators to verify offline real-time status (such
as current queue length or whether a dish is sold out), and
you cannot require the large model to have frontend UI
capabilities (such as map cards or one-click navigation).

↪→
↪→
↪→
↪→
↪→
↪→

2. **Dimensions must not overlap**: the extracted dimensions
must each have their own responsibility (satisfying the
MECE principle); the same error can only be penalized under
one dimension, and logical overlap is never allowed.

↪→
↪→
↪→

3. **Scoring criteria must be concrete**: good criteria should
tightly follow the Query context, and bad criteria should
point out mistakes the large model is genuinely likely to
make (such as answering off-topic, hallucinating addresses,
or lacking key decision-making information). Reject
generic empty statements that apply everywhere.

↪→
↪→
↪→
↪→
↪→

# Output Format (strictly output JSON; do not output any
Markdown markers or extra text)↪→

{{
"intent_analysis": "Briefly describe the user's core need and

potential pain points (within 50 Chinese characters).",↪→
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"rubric_dimensions": [
{{

"dimension_name": "Extracted dimension name",
"good_response_criteria": "[Tightly follow the Query]

Specific high-score pure-text answer performance...",↪→
"bad_response_criteria": "[Tightly follow the Query]

Specific deduction pure-text answer performance..."↪→
}}

]
}}

# Input

User Query: [{query}]
Category: [{category}]"""

D.5 BSM Prompt

The following is the translated English version.

Rubric-generation prompt for BSM:
BSM_Q_BRANCH_SYSTEM_PROMPT = """

You are a senior local-life search quality evaluation expert.
Your task is to decompose the broad goal of "how to
evaluate whether a pure-text answer satisfies this need"
into several independent and concrete evaluation branches
according to the user Query.

↪→
↪→
↪→
↪→

"""

BSM_Q_BRANCH_USER_TEMPLATE = """

# Task

Please deeply analyze the given user Query and decompose it
into a set of Query-specific evaluation branches.↪→

These branches will serve as the skeleton for subsequently
generating the formal scoring rubric.↪→

# Requirements

1. **Independence and mutual exclusiveness**: each Branch must
correspond to an independent evaluation dimension, and
branches should have as little semantic overlap as
possible.

↪→
↪→
↪→

2. **Tightly follow the context**: each Branch must tightly
follow the explicit needs and potential pain points of the
current Query. It is strictly forbidden to generate
universally applicable empty branches such as "relevance",
"accuracy", or "whether it is helpful".

↪→
↪→
↪→
↪→

3. **Pure-text constraint**: do not include requirements that
cannot be judged through a "pure-text answer" (such as UI
cards, frontend buttons, images, map interactions, offline
real-time queue status, etc.).

↪→
↪→
↪→

4. **Quantity control**: decompose into 3-8 core Branches.

# Output Format (strictly output JSON; do not output any
Markdown markers)↪→

{{

"branches": [

{{

"id": "B1",

"name": "Short Chinese dimension name",

"description": "Explain in detail what this branch
specifically evaluates, and it must be combined with
the concrete context of the current Query."

↪→
↪→

}}

]

}}

# Input

User Query: [{query}]

"""

BSM_Q_SOLVE_SYSTEM_PROMPT = """

You are a search-evaluation Rubric generation expert. Your task
is to generate concrete and implementable scoring criteria
for each branch according to the user Query and the
previously decomposed evaluation branches.

↪→
↪→
↪→

"""

BSM_Q_SOLVE_USER_TEMPLATE = """

# Task

I will provide a user Query and a set of evaluation branches.

Please generate one formal Rubric Item for each Branch, used to
evaluate the quality of the [pure-text answer] generated by
a large model for this Query.

↪→
↪→

# Requirements

1. **Faithfulness to source**: each Rubric Item must originate
from a certain Branch and must not freely diverge away from
the Branch.

↪→
↪→

2. **Concrete criteria**: high-score/deduction criteria must
be extremely concrete and combined with the specific
context of the current Query. It is strictly forbidden to
use empty terms such as "relevant" or "accurate" alone.

↪→
↪→
↪→

3. **Pure-text constraint**: the criteria must be judgeable by
evaluators only by reading pure text, and must never
require verifying offline real-time status or frontend UI.

↪→
↪→

4. **Prevent overlap**: try to ensure that Items generated for
different Branches evaluate different types of errors.↪→

# Output Format (strictly output JSON; do not output any
Markdown markers)↪→

{{

"candidate_rubrics": [

{{

"dimension_name": "Dimension name extracted based on the
Branch",↪→

"good_response_criteria": "[Tightly follow the Query]
What kind of pure-text answer performs well on this
dimension...",

↪→
↪→

"bad_response_criteria": "[Tightly follow the Query] What
kind of pure-text answer performs poorly on this
dimension (explicit deduction points)...",

↪→
↪→

"source_branch_ids": ["B1"]

}}

]

}}

# Input

User Query: [{query}]

Evaluation Branches:

{branches_json}

"""

BSM_Q_MERGE_SYSTEM_PROMPT = """

You are a top-level search-evaluation Rubric merging and review
expert.↪→

Your core task is to merge, deduplicate, and compress the
initially generated Candidate Rubrics, and output the
final scoring rubric that conforms to the strict format.

↪→
↪→
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"""

BSM_Q_MERGE_USER_TEMPLATE = """

# Task

I will provide a user Query and a set of candidate scoring
criteria generated from different branches.↪→

Please globally review, merge, and compress these candidate
criteria to generate the final Rubric.↪→

# Core Constraints

1. **MECE principle (deduplication and merging)**: this is the
most important task! Carefully inspect all candidate
criteria; if semantically duplicated or highly similar
dimensions are found, they must be merged into one
dimension. It is never allowed for the same error to be
penalized repeatedly in the final Rubric.

↪→
↪→
↪→
↪→
↪→

2. **Remove empty statements**: decisively delete invalid
criteria that are overly generic, not implementable, or
violate the "pure-text evaluation" principle.

↪→
↪→

3. **Preserve the core**: do not delete very important explicit
constraints and business pain points in the Query.↪→

4. **Quantity control**: after merging and compression, the
number of final Rubric dimensions must be strictly
controlled between **3-8**.

↪→
↪→

# Output Format (strictly output JSON; must exactly match the
structure below; do not output extra text)↪→

{{

"intent_analysis": "Based on the candidate criteria,
comprehensively and briefly describe the user's core
need and potential pain points (within 50 Chinese
characters).",

↪→
↪→
↪→

"rubric_dimensions": [

{{

"dimension_name": "Final merged dimension name",

"good_response_criteria": "[Tightly follow the Query]
Specific high-score pure-text answer performance...",↪→

"bad_response_criteria": "[Tightly follow the Query]
Specific deduction pure-text answer performance...",↪→

"source_branch_ids": ["B1", "B2"]

}}

]

}}

# Input

User Query: [{query}]

Candidate Rubrics:

{candidate_rubrics_json}

"""

D.6 TICK Prompt

The following is the translated English version.

Rubric-generation prompt for TICK:
TICK_Q_CHECKLIST_SYSTEM_PROMPT = """

You are a rigorous search quality evaluation standard design
expert. Your task is to generate a set of Checklist
Questions based on the user Query, used to evaluate the
quality of [pure-text answers] from large language
models/intelligent search systems.

↪→
↪→
↪→
↪→

These Checklist Questions will later be converted into a formal
scoring rubric, so they must be specific, objectively
judgeable, and extremely aligned with the context of the
current Query.

↪→
↪→
↪→

"""

TICK_Q_CHECKLIST_USER_TEMPLATE = """

# Task

Please generate a set of Checklist Questions based on the given
user Query, used to judge whether a [pure-text
recommendation, merchant list, or comprehensive answer]
perfectly satisfies this Query.

↪→
↪→
↪→

# Requirements

1. **Yes/No format**: each question must be an interrogative
sentence that can be clearly answered with "Yes" or "No"
(starting with "Does the answer...").

↪→
↪→

2. **Single dimension**: each question should evaluate only one
independent dimension, avoiding stitching multiple
requirements together (satisfying the MECE principle).

↪→
↪→

3. **Tightly follow the context**: questions must tightly
follow the explicit needs and potential pain points of the
current Query; do not generate universally applicable empty
questions such as "Is the answer relevant" or "Is the
answer helpful".

↪→
↪→
↪→
↪→

4. **O2O scenario coverage**: prioritize key dimensions of
local-life search, such as:↪→

- Category/service/brand matching

- Location/distance/business-district/city constraints

- Scenario and user-group fit

- Merchant quality and risk avoidance (such as avoiding
closed counters and imitation stores)↪→

- Offline wayfinding assistance (such as transportation and
specific location)↪→

5. **Pure-text constraint**: never require evaluators to verify
information outside the pure text (such as offline
real-time inventory or queue status), and never require the
answer to include frontend UI (such as clickable buttons,
map cards, or real photos).

↪→
↪→
↪→
↪→

6. **Quantity limit**: generate 4-8 core questions.

# Output Format (strictly output JSON; do not output any
Markdown markers)↪→

{{

"checklist_questions": [

{{

"id": "C1",

"question": "Does the answer clearly point out...?",

"focus": "The evaluation dimension this question focuses
on (such as brand consistency or address accuracy)"↪→

}}

]

}}
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# Input

User Query: [{query}]

"""

D.7 TICK_Q Prompt
The following is the translated English version.

TICK_Q uses the checklist-generation prompt listed above as
Stage 1.↪→

TICK_Q_MATERIALIZE_SYSTEM_PROMPT = """
You are a rigorous rubric materialization expert. Your task is

to rewrite a set of Yes/No Checklist Questions into formal
rubric dimensions with positive and negative criteria.

↪→
↪→
The rewritten rubric must be strictly faithful to the original

Checklist Questions.↪→
"""

TICK_Q_MATERIALIZE_USER_TEMPLATE = """\
# Task

I will provide a user Query and a set of Checklist Questions.
Please rewrite each Checklist Question into a formal Rubric

dimension, used to evaluate the quality of a [pure-text
answer] generated by a large language model for this Query.

↪→
↪→

# Core Constraints

1. **Do not add new dimensions**: do not introduce evaluation
dimensions that are not grounded in the Checklist
Questions.

↪→
↪→

2. **Do not delete important constraints**: important
constraints contained in the Checklist Questions must be
preserved in the rubric.

↪→
↪→

3. **Yes-to-good, No-to-bad mapping**: the performance
corresponding to answering "Yes" to a Checklist Question
should become `good_response_criteria`; the performance
corresponding to answering "No" should become
`bad_response_criteria`.

↪→
↪→
↪→
↪→

4. **Faithful concretization is allowed**: you may make the
criteria more concrete according to the Query context, but
you must not introduce new business requirements that have
no basis in the Query or the Checklist.

↪→
↪→
↪→

5. **Merge only highly redundant checklist items**: if multiple
Checklist Questions are semantically highly overlapping,
they may be merged into one rubric dimension.

↪→
↪→

# Output Format (strictly output JSON; do not output any
Markdown markers or extra text)↪→

{{
"intent_analysis": "Briefly describe the user's core need and

potential pain points (within 50 Chinese characters).",↪→
"rubric_dimensions": [

{{
"dimension_name": "Short dimension name",
"good_response_criteria": "High-score criterion",
"bad_response_criteria": "Deduction criterion",
"source_checklist_ids": ["C1", "C2"]

}}
]

}}

# Input

User Query: [{query}]

Checklist Questions:
{checklist_questions_json}
"""

TICK_Q_FAITHFULNESS_CHECK_SYSTEM_PROMPT = """
You are a rigorous rubric faithfulness auditor. Your task is to

check whether the generated rubric dimensions are faithful
to the original Checklist Questions.

↪→
↪→

You must distinguish reasonable concretization from invalid
fabrication.↪→

"""

TICK_Q_FAITHFULNESS_CHECK_USER_TEMPLATE = """\
# Task

I will provide the original Checklist Questions and the
generated rubric dimensions.↪→

Please check whether each rubric dimension is faithful to the
original Checklist Questions.↪→

# Judgment Rules

Pass:
- The rubric only concretizes abstract concepts already present

in the Checklist Questions.↪→
- The rubric preserves the intent and constraints of the

corresponding Checklist Questions.↪→

Fail:
- The rubric introduces evaluation points that are not

mentioned or implied by any Checklist Question.↪→
- The rubric deletes important constraints from the Checklist

Questions.↪→
- The rubric changes the meaning of the original Checklist

Questions.↪→

# Output Format (strictly output JSON; do not output any
Markdown markers or extra text)↪→

{{
"audit_results": [

{{
"dimension_name": "Dimension name",
"is_faithful": true,
"reasoning": "Brief explanation",
"source_checklist_ids": ["C1"]

}}
],
"overall_pass": true

}}

# Input

Checklist Questions:
{checklist_questions_json}

Generated Rubric Dimensions:
{rubric_dimensions_json}
"""

D.8 Rubric Quality Evaluation Judge
Prompt

The following is the translated English version.
Prompt for the judge model in the Rubric Quality Evaluation:
SYSTEM_PROMPT = (

'You are a top-level academic "search evaluation standard
review expert (Meta-Evaluator)".'↪→

'Your core task is to conduct an absolutely objective
double-blind comparison and evaluation of two
different "scoring rubrics".'

↪→
↪→

)

USER_TEMPLATE = """\
# Crucial Context

Please keep in mind: the final use of these two Rubrics is to
evaluate the quality of [pure-text recommendations,
merchant lists, or comprehensive answers] generated by a
large language model/intelligent search system for this
Query.

↪→
↪→
↪→
↪→

An excellent Rubric must clearly guide evaluators to examine:
**whether the merchants recommended by the system are
accurate/high-quality/compliant, whether the information
in the recommendation list is rich, whether it can
effectively assist user decision-making, etc.**

↪→
↪→
↪→
↪→

# Task

I will provide you with an original [User Query], as well as
[Rubric A] and [Rubric B] generated for this Query.↪→
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Please carefully read the two Rubrics, strictly follow the
evaluation metrics and scoring anchors below to conduct a
deep comparison (1-9 scale), and select the final winner.

↪→
↪→

# Evaluation Metrics & Scoring Anchors

**1. Intent Depth & Alignment - weight 30%**

- Evaluation focus: Does the Rubric accurately capture the
explicit and implicit needs of the Query? Does it perceive
the specific hidden pain points under this Query (such as
thresholds for specific groups, avoiding imitation stores,
demand for time-honored brands, etc.)?

↪→
↪→
↪→
↪→

- **[7-9 points] Deep insight**: fully sees through the user's
real underlying concerns, accurately extracts the business
pain points specific to this Query, and even proactively
considers long-tail or abnormal cases (such as typo
correction and fallback for closed stores).

↪→
↪→
↪→
↪→

- **[4-6 points] Conventional understanding**: accurately
understands the user's literal intent and basic needs, but
lacks deep mining of deeper hidden pain points or specific
business scenarios.

↪→
↪→
↪→

- **[1-3 points] Superficial/deviated**: only performs
mechanical literal translation, has shallow intent
understanding, or even has serious semantic narrowing bias
(such as locking broad intent into a single scenario).

↪→
↪→
↪→

**2. Actionability for Text Evaluation - weight 40%**

- Evaluation focus: Are the Good/Bad Cases extremely concrete?
Can they clearly guide downstream evaluators to judge
quality only by reading "pure text"?

↪→
↪→

- **[7-9 points] Extremely implementable**: the criteria are
extremely clear; Good/Bad Cases tightly follow the quality
of pure-text recommendation lists (for example, clearly
pointing out what kind of low-quality merchants must be
penalized), and evaluators can directly follow them.

↪→
↪→
↪→
↪→

- **[4-6 points] Somewhat guiding**: has some guidance value,
but some descriptions are subjective (such as "the answer
is bad"), or contain a small amount of "correct but empty
statements".

↪→
↪→
↪→

- **[1-3 points] Not actionable**: filled with universally
applicable empty statements, or **contains
non-implementable criteria (such as requiring evaluators
to verify merchants' real-time physical inventory/queue
status, or requiring the system to display frontend UI
cards/buttons)**, with no practical value.

↪→
↪→
↪→
↪→
↪→

**3. MECE & Structure - weight 30%**

- Evaluation focus: Is there serious semantic overlap among the
selected dimensions (stitched monsters)? Is the
decomposition of dimensions professional and reasonable?

↪→
↪→

- **[7-9 points] Logically rigorous**: dimensions are mutually
independent and collectively exhaustive (satisfying the
MECE principle), logical decoupling is extremely clear,
and one error corresponds to deduction under only one
dimension.

↪→
↪→
↪→
↪→

- **[4-6 points] Minor flaws**: the overall structure is
reasonable, but there is slight semantic overlap between a
few dimensions, or the decomposition is somewhat
fragmented/bloated.

↪→
↪→
↪→

- **[1-3 points] Structural collapse**: serious semantic
duplication exists (causing the same error to be penalized
repeatedly), or too many dimensions cause loss of focus, or
too few dimensions miss key information.

↪→
↪→
↪→

# Strict Guidelines

1. **Severely penalize "correct but empty statements"**: if the
criteria of a Rubric are universally applicable (can also
be used under other Queries, without incorporating the
specific context of the current Query), severe deductions
must be given on "actionability"!

↪→
↪→
↪→
↪→

2. **Severely penalize "non-implementable hallucinated
criteria"**: if a Rubric proposes requirements outside the
scope of pure-text evaluation for large models (for
example, requiring one-click direct buttons, requiring
high-definition real photos, requiring checking real-time
sold-out status, etc.), you must point out that they are
unrealistic and penalize them!

↪→
↪→
↪→
↪→
↪→
↪→

3. **Mandatory evidence citation**: when writing comparison
reasons, you must cite specific original text fragments
from Rubric A or B as evidence.

↪→
↪→

# Output Format (strictly output JSON; do not output any
Markdown markers or extra text)↪→

{{

"evaluation_reasoning": {{

"critical_flaws_analysis": "[Critique] Respectively point
out the biggest flaws in Rubric A and Rubric B (such as
whether they contain correct but empty statements,
non-implementable UI/physical-state requirements, or
overlapping dimensions; original text must be cited).",

↪→
↪→
↪→
↪→

"intent_depth_comparison": "[Comparison] Which Rubric is
better in intent depth? Why? (original text must be
cited as evidence).",

↪→
↪→

"actionability_comparison": "[Comparison] Which Rubric
better guides the evaluation of pure-text
recommendation lists? Whose Good/Bad Cases are more
concrete and implementable?"

↪→
↪→
↪→

}},

"scores": {{

"rubric_A": {{

"intent_depth": 0,

"actionability": 0,

"mece_structure": 0,

"total_score": 0

}},

"rubric_B": {{

"intent_depth": 0,

"actionability": 0,

"mece_structure": 0,

"total_score": 0

}}

}},

"final_decision": "Rubric A | Rubric B | Tie"

}}

total_score calculation rule: intent_depth x 0.3 +
actionability x 0.4 + mece_structure x 0.3, rounded to one
decimal place. final_decision must be strictly based on the
total_score comparison and must not be judged subjectively
by feeling.

↪→
↪→
↪→
↪→

# Input

Original user Query: [{query}]

====================

[Rubric A]

{rubric_A_json_str}

====================

[Rubric B]
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{rubric_B_json_str}"""

D.9 Online AI Search Evaluation Score
Prompts

The following is the translated English version.
All rubric/checklist generation prompts in the Online AI Search

Evaluation are the same as the corresponding prompts listed
above. Therefore, we only list the scoring prompt here.

↪→
↪→

score_prompt:
SYSTEM_PROMPT = """You are a rigorous local-life search quality

evaluator. Your task is to use the given evaluation rubric
to score two model answers to the same user Query.

↪→
↪→
[Model answer description: insert the description of the model

answer here.]"""↪→

USER_TEMPLATE = """\
# Task

I will provide a user Query, an evaluation rubric, and two
model answers produced by two online model versions.↪→

Please score both model answers strictly according to the given
rubric.↪→

# Evaluation Guidelines

1. Score each answer only by reading the provided text. Do not
use external knowledge, real-time business status, maps,
images, or any information outside the provided answer.

↪→
↪→

2. For each rubric dimension, assign an integer score from 0 to
5.↪→

- 5 means the answer fully satisfies the positive criterion.
- 0 means the answer clearly matches the negative criterion.
- 1-4 indicate different degrees of partial satisfaction.

3. Penalize hallucinated, off-topic, generic, or non-actionable
content according to the corresponding rubric dimension.↪→

4. The final decision must be based on the total score. If Model
A has a higher total score, output "A"; if Model B has a
higher total score, output "B"; otherwise output "Tie".

↪→
↪→

# Output Format (strictly output JSON; do not output any
Markdown markers or extra text)↪→

{{
"scores": {{

"A": {{
"dimension_scores": [

{{
"dimension_name": "Dimension name",
"score": 0,
"reason": "Brief reason for this score"

}}
],
"total_score": 0,
"normalized_score": 0

}},
"B": {{

"dimension_scores": [
{{
"dimension_name": "Dimension name",
"score": 0,
"reason": "Brief reason for this score"

}}
],
"total_score": 0,
"normalized_score": 0

}}
}},
"final_decision": "A | B | Tie"

}}

# Input

User Query: [{query}]

Evaluation Rubric:
{rubric_json}

Model Answer from Model A:
{answer_A}

Model Answer from Model B:
{answer_B}
"""

1110


