
Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 15202–15233
October 24-29, 2026 ©2026 Association for Computational Linguistics

MelonBench: A Benchmark for Coded Entity Resolution over Noisy Web
Evidence

Zhishan Lin⋄♠, Jingxiao Li⋄♠, Yanbing Zhang⋄♠, Ziyan Liu♠, Yuqing Shao♠,
Yunfei Tong⋄♠, Ganghao Liu⋄♠, Qian Zhang⋄♠*, Zhe Wang⋄♠*

⋄Key Laboratory of Smart Manufacturing in Energy Chemical Process,
Ministry of Education, China

♠Department of Computer Science and Engineering,
East China University of Science and Technology, China

Y30241066@mail.ecust.edu.cn, {qianzhang,wangzhe}@ecust.edu.cn

Abstract

Large language models (LLMs) are increas-
ingly deployed as web-browsing agents, yet
current benchmarks mostly evaluate explicit
queries over clean factual evidence. We in-
troduce MelonBench, a 665-item benchmark
for coded entity resolution over noisy open-
web user-generated content, instantiated with
mid-to-long-tail public figures in Chinese en-
tertainment blind-item discourse. Solving
MelonBench requires agents to decode obfus-
cated clues, retrieve fragmented evidence, and
identify the target entity. The benchmark is con-
structed through a five-stage semi-automatic
pipeline with atomic event stratification, adver-
sarial faithfulness auditing, and expert verifica-
tion. Across 30 systems, the best non-search
model reaches 25.1% accuracy and the best
search-enabled system reaches 49.9%. Con-
trolled comparisons of the same models with
and without web search confirm consistent
gains from web search, but also substantial re-
maining headroom. Diagnostic experiments
identify semantic de-obfuscation and open-
ended entity recall as key bottlenecks, and show
that reasoning-centric search can outperform
report-oriented agents. An 80-item finance pi-
lot provides preliminary evidence of transfer be-
yond entertainment within a Chinese-language
setting. MelonBench offers a challenging ini-
tial testbed for search agents under intentional
obfuscation and noisy evidence. The dataset is
publicly available at https://huggingface.
co/datasets/janehaha/MelonBench.

1 Introduction

The rapid advancement of large language mod-
els (LLMs) enables agentic AI systems to au-
tonomously browse the web (Schick et al., 2023;
Yao et al., 2023; Qin et al., 2024). By accessing
external information beyond static pre-training cor-
pora, such systems can better handle tasks that
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require retrieving long-tail knowledge (Wang et al.,
2025b; Fan et al., 2024).

To assess how well LLMs use web browsing
for complex information seeking, a growing num-
ber of benchmarks have been proposed (Mialon
et al., 2024; Yoran et al., 2024; Liu et al., 2024;
Zhou et al., 2024; Deng et al., 2023; Wei et al.,
2025; Zhou et al., 2025). Among them, BrowseC-
omp (Wei et al., 2025) and BrowseComp-ZH (Zhou
et al., 2025) require multi-hop retrieval and cross-
document synthesis, enabling fine-grained evalua-
tion of search planning and reasoning. However,
most existing benchmarks assume explicitly speci-
fied queries and relatively clean, authoritative evi-
dence sources, as shown in Figure 1(a). They over-
look a critical challenge in real-world web search:
the ability to robustly retrieve and reason under
intentional semantic obfuscation and noisy user-
generated content (UGC).

In many real-world web environments, rele-
vant evidence is fragmented, subjective UGC, with
clues obfuscated through domain-specific slang and
metaphors. A representative example appears in
Chinese online entertainment communities, where
blind items refer to entities through coded aliases.
We use this setting as the first concrete instanti-
ation of coded entity resolution, while not treat-
ing it as a culture-neutral proxy for all obfuscated
search tasks. This requires agents to decode cul-
turally grounded, semantically vague expressions,
formulate effective search queries, and integrate
fragmented, non-authoritative evidence that may
be subjective or conflicting, making this a challeng-
ing end-to-end setting for evaluating search agents
under obfuscation and noisy evidence.

To evaluate this setting, we introduce
MelonBench, a 665-item benchmark for coded
entity resolution. Unlike traditional entity linking,
MelonBench provides no explicit mentions or
candidate sets. Instead, systems must decode
obfuscated clues, retrieve relevant web evidence,
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(a) Explicit Benchmark Query (BrowseComp-ZH)
[ZH] 某知名电视剧，女二号（演员）在 1993年进入演艺
圈。女一号（演员）的现任丈夫是浙江湖州人。男一号（演
员） 6年后登上了春晚舞台。问该电视剧是什么？

[EN] A famous TV drama: the 2nd female lead entered
showbiz in 1993 . The 1st female lead’s current husband
is from Huzhou, Zhejiang . The male lead appeared on
the Spring Gala 6 years later . What is this drama?

(b) MelonBench: Coded Entity Query
[ZH] 都说她是低调的演技天花板，手握八座影后却从
不营销。早年为了把一句泼辣方言说到骨子里，硬是
在码头烟火里泡了半年，跟大姐们学骂人。圈里人只叹：
这股狠劲，真不是流量能演出来的。

[EN] People say she is the low-key ceiling of acting , hold-
ing 8 Best Actress trophies yet never self-promoting. To
nail a sharp dialect role, she spent half a year among the
dockyard smoke , learning to curse like the locals. Insiders
sigh: that grit can’t be faked by a traffic star.

Explicit Constraints

• 1993 → searchable date
• Huzhou, Zhejiang → searchable location
• 6 years later … Spring Gala → searchable event

→ Direct Multi-hop Retrieval

Coded Expression Decoding

• ceiling of acting → top-tier actress? who?
• dockyard smoke → Wuhan docks? which film?
• learning to curse → learning dialect? where?

→ Decode → Retrieve → Disambiguate

Figure 1: Comparison of explicit and coded benchmark queries. (a) BrowseComp-ZH uses directly searchable
constraints for multi-hop retrieval. (b) MelonBench uses entertainment-industry jargon and cultural metaphors
requiring decoding before retrieval.

and disambiguate the target entity, forming an
end-to-end decode → retrieve → disambiguate
pipeline (Figure 1(b)), with five additional trans-
lated examples in Appendix B. The benchmark is
built through a semi-automatic pipeline combining
atomic event stratification, adversarial faithfulness
auditing, and expert verification. A later small
finance pilot examines cross-domain adaptability,
while broader validation remains future work.

We evaluate 30 systems spanning open-source,
closed-source, and deployed AI-search products,
and conduct ablation diagnostics on de-obfuscation,
search lift, recognition–recall gaps, and reasoning-
centric search behavior. Our key findings are:

• MelonBench remains far from solved: the best
non-search model reaches only 25.1%, while
the best search-enabled system reaches 49.9%;
comparisons between corresponding search and
no-search settings confirm that search helps but
leaves substantial room for improvement.

• Semantic de-obfuscation is an independent bot-
tleneck: before retrieval can succeed, systems
must translate culturally grounded, obfuscated
descriptions into effective search intents.

• Systems show much stronger recognition than re-
call: multiple-choice evaluation boosts accuracy,
indicating that many failures stem from open-
ended entity retrieval and production, not candi-
date verification alone.

• Reasoning-centric search can outperform report-

oriented agents on MelonBench, highlighting the
importance of query interpretation and entity dis-
ambiguation beyond evidence aggregation.

In summary, our contributions are threefold:
• We introduce MelonBench, a novel benchmark

evaluating end-to-end search-agent performance
for long-tail knowledge under intentional seman-
tic obfuscation and noisy open-web evidence.

• We design a semi-automatic construction
pipeline based on atomic event stratification, ad-
versarial faithfulness auditing, and expert veri-
fication, enabling controllable difficulty while
reducing manual annotation burden without re-
moving expert quality control.

• We conduct comprehensive experiments across
30 open-source, closed-source, and deployed
AI-search systems, with diagnostics on seman-
tic blur, multiple-choice recognition, search lift,
thinking-mode trajectories, and a small cross-
domain pilot. Results show persistent bottlenecks
in semantic de-obfuscation, noisy evidence re-
trieval, and open-ended entity recall.

2 Related Work

Web Browsing Benchmarks. A growing line of
work evaluates LLM-based web agents on increas-
ingly complex tasks, ranging from general web
task completion (Mialon et al., 2024; Liu et al.,
2024) and autonomous navigation (Zhou et al.,
2024; Deng et al., 2023) to realistic information-
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seeking (Yoran et al., 2024). More recent bench-
marks such as BrowseComp and BrowseComp-ZH
(Wei et al., 2025; Zhou et al., 2025) move beyond
traditional retrieval benchmarks (Joshi et al., 2017;
Kwiatkowski et al., 2019; Yang et al., 2018; Wei
et al., 2024; Mialon et al., 2024) that typically rely
on structured, easily retrievable sources, instead
challenging systems with multi-hop retrieval re-
quiring cross-document synthesis. However, these
settings still assume that key query constraints are
explicitly stated and therefore directly searchable,
and that relevant evidence mostly comes from rela-
tively clean and authoritative sources. MelonBench
differs by evaluating retrieval under intentional
semantic obfuscation and noisy open-web user-
generated evidence.

Entity Linking and Disambiguation. Entity
linking maps textual mentions to knowledge-base
entities (Shen et al., 2015; Wu et al., 2020), with
recent generative variants (Cao et al., 2021). In
contrast, MelonBench provides no explicit men-
tion span: identifying information is hidden behind
coded aliases, metaphors, and community-specific
expressions, requiring systems to de-obfuscate the
query, retrieve open-web evidence, and resolve the
target entity without a predefined candidate set.

Retrieval over Noisy User-Generated Content.
Retrieval-augmented generation improves factual
grounding with external evidence (Fan et al., 2024;
Vu et al., 2024; Lai et al., 2025), while online infor-
mation studies show that UGC is often fragmented,
subjective, and factually inconsistent (Vosoughi
et al., 2018; Kumar and Shah, 2018; Sattarov and
Choi, 2025). Yet retrieval benchmarks usually
assume well-formed queries and clean corpora,
and misinformation work focuses on truthfulness
rather than entity resolution. MelonBench bridges
these lines by jointly testing query-side obfusca-
tion, noisy evidence retrieval, and final entity dis-
ambiguation.

3 Task Formulation and Domain
Motivation

We formulate MelonBench as open-domain coded
entity resolution. Given a blind-item query q that
refers to its target through coded, anonymized, or
metaphorical cues rather than explicit identifiers,
the system must identify the single target entity
e∗ whose public web evidence satisfies q. Since
queries are intentionally obfuscated and targets are

primarily mid-to-long-tail entities, solving the task
requires open-web search and evidence synthesis
beyond parametric memory. We evaluate entity-
level accuracy against expert-verified gold answers.

Chinese entertainment blind-item discourse is
the first MelonBench instantiation because it com-
bines four requirements for coded entity resolution:
rich organic coded language and obfuscation strate-
gies, fragmented user-generated evidence, a mea-
surable long-tail popularity structure, and publicly
verifiable ground truth. We provide an expanded
domain-motivation discussion in Appendix A. Our
current benchmark focuses on mid-to-long-tail pub-
lic figures selected under the 100K–1M Weibo-
follower criterion and is not intended to be statisti-
cally representative of all Chinese entertainers or
of the Chinese entertainment domain as a whole.
These properties support a realistic yet controllable
study of retrieval under semantic obfuscation. We
view MelonBench as an initial instantiation of a
broader coded-entity-resolution framework. The
finance pilot in Section 5.4 provides preliminary
evidence of analogous obfuscation patterns and
adaptability beyond entertainment, while compre-
hensive cross-domain and cross-lingual validation
remains future work.

4 MelonBench

4.1 Dataset Construction

We construct MelonBench with a five-stage semi-
automatic pipeline (Figure 2) following the reverse-
construction paradigm (Wei et al., 2025) (Ap-
pendix C): each instance starts from a verified tar-
get entity and is transformed into a coded blind-
item query. The pipeline targets three desiderata:
solvability from public web evidence, difficulty
through semantic obfuscation rather than evidence
sparsity, and validity through unique verifiability.

We construct the initial pool from two Wikipedia
lists of Chinese male and female entertainers, then
use identifiable Weibo accounts and 100K–1M
follower counts only as eligibility filters, yield-
ing 1,124 candidates without additional sampling
(Appendix C.1). A sensitivity study supports this
range as a practical balance between constructabil-
ity and difficulty, yielding higher valid-item reten-
tion (59.2% vs. 22%/17% outside the range) while
avoiding the substantially easier >1M regime (Ap-
pendix D.2).

We then retrieve supporting evidence from the
broader open web via Baidu (Baidu, Inc., 2026).
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Figure 2: The five-stage semi-automatic construction pipeline. Starting from a filtered candidate pool of mid-to-
long-tail entertainers, the pipeline retrieves and scores web evidence, extracts and stratifies atomic events into
discriminative (D) and generic (G) categories, generates blind-item queries (Q) through an iterative adversarial audit
loop, and concludes with expert review covering source quality, privacy, alignment, and answer uniqueness.

Retrieved pages are scored on relevance, informa-
tion granularity, non-encyclopedic narrative, drama
tension, and wiki-likeness. Those documents be-
low the quality threshold are removed and the top
five surviving pages are retained as the evidence
basis for subsequent construction (Appendix C.2).

We then generate blind-item queries under two-
layer validity control.

First, we stratify extracted atomic events into
discriminative events, which sharply narrow the
candidate space, and generic events, which are true
but shared by many entities and primarily introduce
ambiguity. Full extraction criteria and prompts
are provided in Appendix C.3. Kimi-K2-Instruct
then composes each anonymized query by weav-
ing discriminative signal into generic distractors
while avoiding directly searchable identifiers. Each
draft passes through a faithfulness adversarial audit–
revision loop, where an independent judge rejects
identifier leakage, omitted clues, or unsupported
details. We discard a query as construction-source
leakage only when it preserves explicit identifiers
or near-verbatim searchable phrases; retrieving
original or related public evidence is part of the tar-
get search task, not leakage, and thus not grounds
for discard. Every retained clue must trace to the
selected source events (Appendix C.4).

Second, two domain experts with 10+ years of
sustained engagement in Chinese entertainment
UGC communities reviewed 771 candidates. It
is a verification task rather than a puzzle-solving
task: reviewers see the gold entity, retrieved evi-
dence, atomic events, and candidate alternatives,
and assess source quality, privacy, query–evidence

alignment, and answer uniqueness (Appendix C.5;
see the full review protocol and acceptance crite-
ria). The two experts reached 94.4% agreement
(κ=0.714). Retaining only mutually accepted items
yields the final 665-item benchmark.

4.2 Data Statistics

Of the 1,124 candidate entities retained after Stage-
1 eligibility filtering (Appendix C.1), 459 (40.8%)
are discarded in the subsequent construction stages,
yielding the final 665-item benchmark. The main
attrition causes are insufficient atomic evidence
(26.6%) and expert review rejection (23.1%), show-
ing that automated fact-sufficiency checks and hu-
man review provide substantial, non-redundant fil-
tering. Full attrition breakdowns appear in Ap-
pendix D.

Figure 3 summarizes the final benchmark statis-
tics. Follower counts are right-skewed and concen-
trated in the 100K–300K range, confirming that
MelonBench targets mid-to-long-tail entities with
enough web traces for retrieval but limited paramet-
ric memorability. Query lengths cluster around 60–
80 characters, consistent with the short-form Chi-
nese social-media style targeted by MelonBench.
On average, the pipeline extracts 22 discriminative
and 15 generic events per entity, with mean lengths
of 63 and 26 characters.

5 Experiments

5.1 Experimental Setup

Models. We evaluate 30 systems spanning open-
source models, proprietary models, and deployed
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Figure 3: (a) Weibo follower distribution of target entities. (b) Query length distribution.

AI-search products, all listed in Table 1. Detailed
model versions and search configurations are pro-
vided in Appendix E.1.

Inference and Browsing Setup. All systems re-
ceive the same coded query and return a predicted
entity with a self-reported confidence score. For
API-based models with configurable decoding pa-
rameters, we use temperature = 0.6, top_p =
0.95, and a maximum output length of 8,192 to-
kens; otherwise, we use the provider’s default set-
tings. Search-enabled systems use their native
browsing/search functionality, while no external
retrieval is enabled for non-search settings. Com-
mercial search products retain their native retrieval
backends to evaluate end-to-end deployed systems.
Full inference, decoding, and model-specific con-
figurations are provided in Appendix E.

Evaluation. Each system output is converted
into a predicted entity name and confidence score
(prompt in Appendix I); for GUI-only AI search
products, human annotators extract these fields. All
systems use exact/normalized rule-based matching
first, with unmatched responses judged by Gemini-
3-Flash-Preview (Google, 2025a) for semantic
equivalence (prompt in Appendix J.1). A strati-
fied 200-case human audit yields 91.5% agreement,
with disagreements confined to judge-positive
cases, indicating slight over-permissiveness. Full
evaluation details and the judge prompt are pro-
vided in Appendix J.2.

Temporal protocol. For data construction and
search-augmented systems, evidence collection and
evaluation were completed within February–March
2026; because exact reruns of commercial search
products on the live web are not guaranteed, these
scores are time-stamped baselines.

Metrics. We report accuracy, the fraction of cor-
rectly resolved entities, and expected calibration
error (ECE), which measures alignment between
predicted confidence and empirical accuracy over
five equally spaced bins (Table 1; Appendix E.3).

To characterize external-evidence use, we also
report paired search/no-search metrics on con-
trolled subsets. For model m and domain d,

Liftm,d = Accsearchm,d −Accno-search
m,d (1)

and Normalized Search Lift (NSL), the fraction
of remaining possible improvement achieved by
search, is

NSLm,d =
Accsearchm,d −Accno-search

m,d

1−Accno-search
m,d

(2)

Accuracies lie in [0, 1]. With matched settings, no-
search approximates the model’s parametric prior,
while search measures use of external evidence.
Since many deployed search products use propri-
etary retrieval backends and lack matched base
models, Lift and NSL are controlled subset diag-
nostics rather than full-leaderboard metrics.

5.2 Overall Performance
MelonBench Remains Far From Solved. Table 1
summarizes all evaluated systems on MelonBench.
The results reveal that MelonBench remains chal-
lenging under both settings. Among non-search
configurations, the highest accuracy is only 25.1%
(Gemini-3-Pro-Preview), while most models fall
below 10%; gpt-oss-120b (0.2%) and Llama4
(0.6%) are near zero. Among search-enabled sys-
tems, Kimi (Deep Think) achieves the highest ac-
curacy at 49.9%, leaving roughly half of the bench-
mark unsolved.

Calibration Reveals Unreliable Confidence.
Beyond accuracy, Table 1 shows that many models
are poorly calibrated. Several low-accuracy sys-
tems exhibit ECE of 66–86%, indicating confident
but incorrect predictions. Accuracy and ECE are
only moderately correlated (Pearson r ≈ −0.53),
confirming that ECE is not redundant with accu-
racy. Search generally improves calibration but
does not eliminate it, and low ECE should not be
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Category Model Rea. Brow. Acc ECE (%)

Open-Source

DeepSeek-V3.2 N N 5.4% 80
DeepSeek-R1 Y N 6.0% 79
Qwen3.5-27B (Non-Thinking) N N 1.8% 82
Qwen3.5-27B (Thinking) Y N 1.7% 82
Qwen3.5-397B-A17B (Non-Thinking) N N 4.5% 86
Qwen3.5-397B-A17B (Thinking) Y N 5.3% 82
Kimi-K2.5 (Non-Thinking) N N 7.1% 78
Kimi-K2.5 (Thinking) Y N 18.0% 68
gpt-oss-120b Y N 0.2% 66
Llama4 N N 0.6% 79

Closed-Source

Qwen3.5-Plus Y N 8.0% 80
Doubao-Seed-2.0-Pro (Non-Thinking) N N 5.9% 84
Doubao-Seed-2.0-Pro (Thinking) Y N 15.6% 71
GPT-5.2 (Non-Thinking) N N 2.6% 41
GPT-5.2 (Thinking) Y N 9.2% 37
Gemini-3-Flash-Preview Y N 17.6% 68
Gemini-3-Pro-Preview Y N 25.1% 51
Claude-Sonnet-4.6 (Non-Thinking) N N 2.4% 42
Claude-Sonnet-4.6 (Thinking) Y N 4.4% 40

AI Search Product

OpenAI DeepResearch – Y 48.4% 26
Grok (Deep Think) – Y 23.2% 65
Doubao DeepResearch – Y 49.5% 37
Doubao (Standard) – Y 20.5% 76
Qwen DeepResearch – Y 22.1% 58
Qwen (Deep Think) – Y 34.3% 48
Kimi (Deep Think) – Y 49.9% 37
Yuanbao (Standard) – Y 9.8% 25
Yuanbao (Deep Think) – Y 20.0% 68
DeepSeek (Standard) – Y 14.1% 70
DeepSeek (Deep Think) – Y 20.0% 59

Table 1: Overall performance of all evaluated systems on MelonBench. Underlined scores denote the best-performing
system within each category, while boldfaced scores denote the best result overall across all systems.

interpreted as competence, since conservative sys-
tems may be calibrated while remaining inaccurate.
We therefore use ECE as a complementary diag-
nostic of uncertainty awareness rather than as the
primary ranking criterion.

Training Coverage May Confound Raw Ac-
curacy. Among non-search models, Kimi-K2.5
and Doubao-Seed-2.0-Pro tend to outperform sev-
eral other systems. We hypothesize that this pat-
tern is partly explained by differences in Chinese-
language and Chinese entertainment/UGC training
coverage. This suggests that raw accuracy may
conflate coded-entity-resolution capability with
parametric prior, where higher scores may reflect
prior exposure to relevant entity–clue associations,
whereas lower scores may reflect limited domain
coverage. In a fixed-evidence control on all 665
queries, we disable browsing for four representa-
tive models and provide either the five construc-
tion evidence pages (ORACLE-5) or those pages
plus 15 same-domain distractors (NOISY-20). Ac-
curacy rises from 5.4-18.0% without evidence
to 96.84-98.50% under ORACLE-5 and remains
94.74-98.05% under NOISY-20 (Appendix E.5).

Pair No-search Search Lift NSL

K2.5-Think → DT 18.0% 49.9% +31.9 38.9%
Q3.5-Plus → DT 8.0% 34.3% +26.3 28.6%
Q3.5-Plus → DR 8.0% 22.1% +14.1 15.3%
DS-V3.2 → Std 5.4% 14.1% +8.7 9.2%
DS-R1 → DT 6.0% 20.0% +14.0 14.9%

Table 2: Matched search/no-search diagnostics for sys-
tems where both settings are available. K2.5 = Kimi-
K2.5; Q3.5 = Qwen3.5; DS = DeepSeek; DT = Deep
Think; DR = DeepResearch; Std = Standard search.

Thus, the fixed-evidence control indicates that evi-
dence acquisition is a major differentiating factor
across models: once the same relevant evidence
is provided, cross-model gaps largely disappear.
Nevertheless, prior knowledge may inevitably have
a modest effect. Accordingly, we interpret raw
leaderboard accuracy as a mixed signal of prior
exposure, de-obfuscation ability, retrieval effec-
tiveness, and entity production, and use matched
search/no-search diagnostics to better assess the
contribution of external evidence.

Search Helps but Remains Unsaturated. Be-
cause parametric prior can confound raw accu-
racy, Table 1 alone cannot cleanly isolate the ef-
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fect of web search. We therefore compute Search
Lift and Normalized Search Lift (NSL) only for
systems with matched search and no-search set-
tings (Table 2); since many deployed search prod-
ucts do not expose their underlying models or
matched no-search counterparts, these metrics
serve as controlled subset diagnostics rather than
full-leaderboard measures. Within this subset, low
no-search accuracy and consistent search gains
show that prior knowledge alone is insufficient and
many MelonBench questions require external evi-
dence. Moreover, stronger search-enabled systems
obtain larger Search Lift and NSL relative to their
own no-search baselines, suggesting that raw ac-
curacy, despite prior-exposure confounds and lim-
ited matched coverage, can still partially reflect
end-to-end search capability beyond memoriza-
tion. Nevertheless, current search-agent pipelines
remain far from saturated: even the best search-
enabled system reaches only 49.9%, and the largest
NSL recovers only part of the remaining headroom.
These results reveal persistent bottlenecks in the
decode–retrieve–disambiguate pipeline, where suc-
cess depends not merely on retrieval access but
also on search planning, obfuscated-clue interpre-
tation, fragmented-evidence integration, and final
entity disambiguation, as further supported by the
stronger performance of multi-step or reasoning-
centric search modes.

Effect of Reasoning. Enabling thinking mode
generally improves accuracy, with the most pro-
nounced gains in Kimi-K2.5 (+10.9%), Doubao-
Seed-2.0-Pro (+9.7%), and GPT-5.2 (+6.6%). In
contrast, Qwen3.5-27B and Claude-Sonnet-4.6
show only marginal improvement, suggesting that
reasoning alone is insufficient without adequate
domain knowledge or external evidence.

Analysis of 20 search-augmented paired cases
(Appendix K) shows that thinking mode moves
beyond surface-form matching toward hypothesis-
driven search, rewriting obfuscated clues into
searchable hypotheses, revising search directions
when early results are incomplete, and verifying
candidates against the full clue set. This suggests
thinking mode helps by improving query reformu-
lation, hypothesis revision, and constraint-based
elimination, rather than by producing longer re-
sponses.

Reasoning-centric pipelines can outperform
report-oriented ones. Qwen’s Deep Think mode
(34.3%) outperforms its DeepResearch variant
(22.1%), and Kimi (Deep Think) achieves the

overall best accuracy (49.9%). This may re-
flect a design mismatch: DeepResearch systems
are optimized for synthesizing long-form reports,
whereas MelonBench demands deep semantic rea-
soning over culturally loaded expressions, favoring
reasoning-centric modes.

Human performance remains near floor. To
contextualize these results, we first conduct a non-
expert human evaluation in which 10 participants
attempt 100 random items with web search and no
time limit, reaching 7% average accuracy. We then
evaluate two experts with over 10 years of experi-
ence in Chinese entertainment UGC under the same
unrestricted web-search setting (Appendix E.4).
Their 19% average accuracy is higher than the 7%
non-expert result but still low in absolute terms,
reflecting the substantially greater difficulty of
open-ended entity resolution than the evidence-
conditioned verification performed by a separate
expert pair in Appendix C.5. Post-task interviews
suggest that even for experts deeply familiar with
Chinese entertainment, the sampled targets are rel-
atively long-tail and unfamiliar; solving also re-
quires cross-checking fragmented, noisy, and con-
flicting clues, causing heavy cognitive load.

Human failure does not imply item unanswer-
ability. We analyze the 50 items attempted by the
domain experts and compare them with Kimi (Deep
Think). Among these items, 6 were solved by at
least one non-expert, another 7 were solved by an
expert but not by the evaluated non-experts, and
37 were solved by neither evaluated human group.
Kimi correctly resolves 6/6, 5/7, and 12/37 items in
these three mutually exclusive groups, respectively.
In particular, its 32.4% accuracy on the 37 human-
unsolved items shows that failure by the evaluated
humans is not sufficient evidence that an item is
unanswerable. Together with the de-obfuscation
ablation in Section 5.3, these results suggest that
low human accuracy largely reflects the substantial
decoding and retrieval burden of the task rather
than a lack of evidence-grounded answers. De-
tailed statistics are provided in Appendix E.4.

5.3 Ablation Studies and Analysis
We conduct 6 diagnostic experiments to disentan-
gle the main sources of difficulty in coded entity
resolution. Complementing the human-conditioned
analysis above, these experiments examine whether
low end-to-end accuracy arises from intrinsic an-
swerability limitations or from specific stages of the
resolution pipeline. The event composition abla-
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tion is based on 100 benchmark instances and eval-
uated using Kimi (Deep Think) only. The semantic
de-obfuscation, question-format, and generation-
source ablations are conducted on a 204-question
subset with 4 representative settings: DeepSeek-
V3.2 and Kimi-K2.5-Thinking, each with and with-
out web search. Unless otherwise specified, each
ablation changes only one factor while keeping the
rest of the evaluation setup fixed.

Semantic de-obfuscation is an independent
bottleneck. Figure 4(a) compares three progres-
sively de-obfuscated query formats, from coded
(original jargon) through plain (de-obfuscated,
entity-masked) to atomic (explicit event state-
ments). Performance improves consistently as se-
mantic ambiguity is removed, with Kimi (Deep
Think) rising from 50.0% to 66.2% to 96.6%. With-
out web search, all models remain below 18.1%
across all three conditions, indicating that para-
metric knowledge alone is far from sufficient even
when queries are made explicit. The near-ceiling
96.6% accuracy under explicit atomic statements
further indicates that, for this 204-item diagnos-
tic subset, most failures in the original coded set-
ting arise before or during query interpretation and
retrieval rather than from an absence of recover-
able target information. Qualitative error analysis
of a 50-item diagnostic sample (Appendix G.1)
also reveals three recurring pre-retrieval errors,
namely metaphor flattening, scene-to-event map-
ping failures, and nickname/generic-event drift,
where coded clues fail to be converted into effective
search intents. These results show that semantic
de-obfuscation is itself a major bottleneck, inde-
pendent of downstream retrieval.

Models exhibit strong recognition but criti-
cally weak recall. Figure 4(b) contrasts open-
ended and five-option multiple-choice formats,
with the gold answer paired with the four highest-
voted incorrect entity predictions across the evalu-
ated systems. Kimi (Deep Think) improves from
50.0% to 76.5%, while DeepSeek-V3.2 jumps from
15.2% to 55.4% (nearly 4×). Similar gains appear
across all tested configurations, indicating that sys-
tems can recognize the correct entity among candi-
dates but fail to recall it independently from noisy,
fragmented open-web evidence. This suggests that
MelonBench is not difficult simply because evi-
dence is sparse or entities are obscure, but rather
because the main bottleneck lies in the end-to-end
process of retrieving, consolidating, and producing
the correct entity name without external scaffold-

ing. We retain the open-ended format as default,
since it better captures the real-world challenge of
coded entity resolution under noisy evidence.

Event composition ablation. We further ex-
amine how the balance between discriminative
and generic events affects difficulty. Figure 5
shows that discriminative events are necessary
for solvability, while generic events act as effec-
tive distractors only when discriminative signal is
limited. With no discriminative event, accuracy
never exceeds 46.31%. With two discriminative
events, the task becomes much easier, with accu-
racy consistently above 58%. Under the most in-
formative regime for diagnostic evaluation, fixing
one discriminative event and increasing generic
events from 0 to 4 reduces accuracy from 66.5%
to 47.75%. This supports our default choice of
one discriminative with four generic events, which
preserves answerability while maintaining realistic
ambiguity.

Generation-source ablation. To rule out same-
source bias from using Kimi-K2-Instruct (Kimi
Team, 2025) as the default generator, we regenerate
all 204 questions using Gemini-3-Flash-Preview.
Results (Figure 4(c)) show that Kimi (Deep Think)
maintains strong performance (68.6%), confirming
that its advantage stems from genuinely superior
retrieval and reasoning rather than distributional
overlap. Meanwhile, all models achieve higher ac-
curacy on Gemini-generated questions, suggesting
that Gemini tends to produce more straightforward
paraphrases that inadvertently lower difficulty.

We further report a popularity-stratified analysis
in Appendix F, confirming that the benchmark tar-
gets a challenging mid-to-long-tail regime where
resolution accuracy generally decreases for less
prominent entities, while calibration does not sim-
ply track the same popularity trend. We addition-
ally report a retrieval-free LLM-side augmentation
study across several recent models in Appendix H,
which shows model-dependent gains but suggests
that prompt-side augmentation alone does not re-
move the core difficulty of coded entity resolution.

Taken together, these ablations show that
MelonBench is challenging not because any sin-
gle component fails in isolation, but because suc-
cess requires the entire chain of de-obfuscation,
retrieval, evidence integration, and open-ended en-
tity recall. Together with the fixed-evidence con-
trol in Appendix E.5, these results suggest that
clue decoding and evidence acquisition are ma-
jor sources of end-to-end performance variation,
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while parametric prior plays a more limited role.
The two most critical bottlenecks are converting
coded language into searchable intent and recalling
the target entity without candidate assistance. The
qualitative trajectories in Appendix K further con-
nect these bottlenecks to thinking-mode behaviors
such as query reformulation, search revision, and
constraint-based candidate elimination.

5.4 Cross-Domain Pilot

To reduce entertainment-specific exposure bias,
we construct an 80-item finance pilot using the
same pipeline as MelonBench. It targets A-share
listed firms and preserves the core task structure of
obfuscated clues, fragmented open-web evidence,
and entity-level answer matching. We adapt only
domain-specific components, including entity pool,
scoring dimensions, and prompt templates, to re-
flect finance-specific evidence.

Across shared model settings, no-search accu-
racy remains low while search consistently im-
proves it. The best result reaches only 40.0%,

indicating the pilot is also unsaturated. These re-
sults provide preliminary evidence that the frame-
work may transfer beyond entertainment within
a Chinese-language setting, while broader cross-
domain and cross-lingual validation remains fu-
ture work. Details and full results appear in Ap-
pendix L.

6 Conclusion

We introduced MelonBench, a 665-item benchmark
for coded entity resolution over noisy open-web
user-generated content. Built through a 5-stage
pipeline with adversarial auditing, atomic event
stratification, and expert verification, MelonBench
evaluates end-to-end search-agent performance un-
der intentional semantic obfuscation. Across 30
evaluated systems, the benchmark remains far from
solved: the strongest non-search model reaches
only 25.1%, while the best search-enabled sys-
tem reaches 49.9%. Controlled comparisons be-
tween search and no-search models show that
enabling search improves accuracy, yet search-
enabled performance remains far from saturated,
indicating bottlenecks in the full decode–retrieve–
disambiguate pipeline. Our ablations further iden-
tify semantic de-obfuscation and open-ended en-
tity recall as key failure points. They show
that reasoning-centric search can outperform
report-oriented agents, suggesting that success on
MelonBench depends not only on evidence aggre-
gation but also on precise query interpretation and
focused disambiguation. A small finance pilot
suggests preliminary adaptability beyond enter-
tainment within a Chinese-language setting, while
broader cross-domain, cross-cultural, and cross-
lingual validation remains future work. The dataset
and associated evaluation resources are publicly
available on Hugging Face.
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Limitations

This work has the following limitations:

Domain, Cultural, and Language Specificity.
MelonBench is instantiated primarily in Chinese
entertainment blind-item discourse, and the finance
pilot is also Chinese-language. Thus, our results
do not establish generality across languages, cul-
tures, domains, or other coded discourse commu-
nities. Such extensions are non-trivial because
community-dependent components—including en-
tity priors, evidence sources, obfuscation conven-
tions, leakage-control rules, and expert validation—
must be re-instantiated. The finance pilot provides
only preliminary evidence of cross-domain feasi-
bility; broader cross-domain, cross-cultural, and
cross-lingual validation remains future work.

Scope of Entity Popularity. MelonBench fo-
cuses on public figures with 100K–1M Weibo fol-
lowers, a range chosen to balance sufficient public
evidence for construction and verification against
the difficulty needed to probe genuine web-search
ability. Although our popularity-stratified analysis
supports follower count as a useful difficulty proxy
within this range, the benchmark does not charac-
terize behavior across the full popularity spectrum.
Extending evaluation to both more obscure and
more mainstream entities is therefore important
future work.

Construction Pipeline and Reproducibility.
The benchmark relies on Baidu-based retrieval and
several LLM-in-the-loop stages for filtering, gen-
eration, and auditing, so its data distribution may
depend on the tools and models used (Wang et al.,
2025a; Yuan et al., 2025). The audit enforces faith-
fulness and non-leakage but intentionally does not
impose a fixed degree of semantic obfuscation; con-
sequently, different generators may produce valid
but stylistically different queries. Our generation-
source ablation confirms such variation, and we use
Kimi-K2 because it better preserves the intended
blind-item obfuscation patterns. Moreover, live
web pages and commercial search systems change
over time. We release cached evidence snapshots,
temporal metadata, and an archived local search
corpus to support reproducibility, but exact reruns
of closed commercial search products cannot be
guaranteed; their reported scores should therefore
be treated as time-stamped baselines.

Residual Evaluation Ambiguity. As a reverse-
designed, open-ended benchmark grounded in
noisy web evidence, MelonBench cannot guarantee
perfect answer uniqueness. Multi-stage adversar-
ial auditing and expert review substantially reduce
ambiguity, but a small number of cases may still
admit partially plausible alternatives. We therefore
provide a multiple-choice variant as a complemen-
tary format for reducing open-ended ambiguity and
separating recognition from recall. In addition, hu-
man validation indicates that the fallback semantic-
equivalence judge is slightly over-permissive in
some boundary cases, which may mildly overesti-
mate absolute accuracy.

Ethical Considerations

MelonBench uses publicly accessible web evidence
about public figures. Blind-item discourse may
contain rumors or conflicting claims, so we use
it only to model the style of semantic obfuscation
rather than assuming its claims are reliable. Bench-
mark instances are instead grounded in publicly
accessible evidence associated with a verified tar-
get identity. Expert review removes items involv-
ing invasion of privacy, explicit content, politically
sensitive material, or plausible alternative answers.
The two domain experts participated voluntarily as
part of the research collaboration.

We also recognize that evaluating coded-
reference resolution could improve systems’ ability
to decode obfuscated online identities and therefore
be misused for deanonymization. To mitigate this
risk, the released benchmark is restricted to public
figures already documented in public sources, and
redistributed evidence snapshots come only from
publicly accessible pages. MelonBench is intended
strictly for evaluating retrieval and reasoning over
noisy web evidence, and we discourage its use for
real-world deanonymization or rumor verification
beyond public-figure, public-interest contexts.
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A Domain Motivation: Why Chinese
Entertainment?

As stated in Section 3, we adopt the Chinese en-
tertainment industry as the initial instantiation do-
main for MelonBench. Below we elaborate on the
four properties that make this domain especially
suitable for benchmarking coded entity resolution
over noisy, open-web user-generated content. We
emphasize that these characteristics are not exclu-
sive to entertainment: analogous obfuscation pat-
terns arise in leaked-product speculation, political
insider discourse, and corporate whistleblowing.
We begin with entertainment because it offers the
most favorable combination of data accessibility,
long-tail granularity, and ground-truth verifiabil-
ity, and view MelonBench as an initial instantia-
tion of a broader evaluation paradigm that may
extend to other settings with substantial domain-
and language-specific adaptation.

Rich in Coded Language. Chinese entertain-
ment discourse provides a uniquely fertile ground
for studying coded entity resolution. Regulatory
caution and the playful inventiveness of fan com-
munities have together produced a vast, continu-
ously evolving repertoire of obfuscation strategies—
ranging from alphabetic initials and phonetic puns
to euphemistic epithets and viral neologisms. This
density and diversity make the domain an ideal
source from which to draw realistic obfuscation
patterns for benchmark construction.

Extreme UGC Fragmentation. Much of the in-
formation about entertainment figures is buried
in interviews, user-generated posts, comment sec-
tions, and social-media threads rather than in well-
structured knowledge bases. These sources are in-
herently fragmented, noisy, and riddled with factual
inconsistencies and subjective opinions, closely
mirroring the challenging retrieval conditions our
benchmark is designed to evaluate.

Quantifiable Long-Tail Distribution. The en-
tertainment industry exhibits a well-defined and
externally measurable popularity hierarchy. In par-
ticular, Weibo follower counts serve as a reliable,
publicly accessible proxy for entity notability, en-
abling us to precisely target the mid-to-long-tail
band—a sweet spot where entities retain sufficient
web presence to remain solvable, yet are obscure
enough that parametric recall alone does not suf-
fice.
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Verifiability and Ethical Accessibility. The en-
tertainment industry generates public records, such
as filmographies, award histories, official an-
nouncements, and verified social-media profiles,
even for mid-to-long-tail figures who receive little
mainstream attention. This broad coverage means
that both the target identity and the descriptive
clues used in queries, whether explicit or implicit,
factual or subjective, can be grounded in retrievable
online evidence. The public nature of the source
material also helps mitigate privacy and ethical
concerns.

B Additional Translated Examples

To further illustrate the diversity of obfuscation
strategies in MelonBench, we present five addi-
tional examples with English translations in Fig-
ures 6 and 7, complementing the annotated ex-
ample in Figure 1. For each entry, we show the
original coded query, its English translation, the
gold answer, and key decodings that map coded ex-
pressions to their factual referents. Discriminative
events are marked [D] and generic events [G].

C Details of Dataset Construction

This appendix provides full implementation details
of the five-stage construction pipeline summarized
in Section 4.1.

C.1 Stage 1: Candidate Pool Construction

We construct the initial entity inventory from two
Wikipedia lists of Chinese male and female enter-
tainers (Wikipedia contributors, 2020, 2024) cov-
ering actors, hosts, directors, and related public
figures. For each listed individual, we identify the
corresponding Weibo account and obtain its fol-
lower count. Individuals are excluded if no identi-
fiable Weibo account can be found or if their fol-
lower count falls outside the predefined 100K-1M
range. Weibo is therefore used as an eligibility
filter rather than as the source of the initial candi-
date inventory. Applying these eligibility criteria
leaves 1,124 candidate entities, which form the in-
put to the subsequent web-evidence retrieval and
benchmark-construction stages. No additional ran-
dom or manual sampling is performed within this
eligible pool. Accordingly, this purposive sampling
frame is not intended to be statistically representa-
tive of all Chinese entertainers. The detailed mo-
tivation and sensitivity analysis for the 100K-1M
follower range are provided in Appendix D.2.

C.2 Stage 2: Web Evidence Retrieval and
Filtering

The five scoring criteria dimensions are defined as
follows:

1. Relevance Confidence (r ∈ [0, 1]): The de-
gree to which the document genuinely per-
tains to the target entity, serving as a soft gat-
ing weight.

2. Information Granularity (g ∈ [1, 5]): Pres-
ence of concrete details such as specific fig-
ures, lesser-known locations, or direct quotes,
as opposed to vague adjectives.

3. Drama Tension (d ∈ [1, 5]): Presence of gos-
sip value, controversy, emotional contrast, or
narrative surprise.

4. Non-Encyclopedic Narrative (n ∈ [1, 5]):
Degree of subjective, informal, or story-driven
writing, e.g., interviews, behind-the-scenes
accounts, fan commentaries.

5. Wiki-Likeness (w ∈ [1, 5]): Extent of for-
mulaic, template-driven encyclopedic prose.
This dimension is applied as a penalty term.

These individual scores are aggregated into a
composite quality score:

S = r ·max
(
0, αg + βn+ γd− µw

)
(3)

where α, β, γ, µ are weight parameters set to
0.4, 0.3, 0.3, 0.2, respectively.

In practice, documents with S < 3.0 are dis-
carded. The surviving documents are ranked by S
in descending order, and the top-5 are retained as
the evidence basis for all subsequent stages. Enti-
ties for which no document survives the threshold
are excluded from the pipeline entirely.

The complete prompt template used for quality
assessment is shown in Figure 8.

C.3 Stage 3: Atomic Event Extraction and
Stratification

A key design choice in MelonBench is to stratify
extracted events into two categories:

• Discriminative events: events that sharply
narrow the candidate space and provide strong
resolution signals for the target entity (e.g.,
"His ‘plastic Mandarin‘ sparked complaints,
prompting a ’warm-guy‘ re-recorded ver-
sion.").
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Example 1 (Actress)
[ZH]
别急着对号入座，说的是那位电网螺丝钉——精神不稳的老妈早逝，首婚散，二婚守寡，被各路文工团集体退货二十多
次后，硬闯中戏窄门，片场拼到导演喊停才停。

[EN]
Don’t rush to match this—it’s about that power-grid cog: her mentally unstable mother died young, first marriage fell apart, widowed
in her second. After being turned away by every performing troupe over twenty times, she forced her way through the Central
Academy’s narrow gate and pushed on set until the director called cut.
Answer: 柏寒 (Bai Han)
Key decodings:
D “电网螺丝钉” (power-grid cog) → Hired as an electricity-meter worker at Beijing Power Bureau after dropping out at 16; “文
工团集体退货二十多次” (rejected by every troupe 20+ times) → auditioned for performing-arts troupes over 20 times before
entering the Central Academy of Drama

G “精神不稳的老妈早逝” (unstable mother died young) → mother suffered from mental illness and passed away; “首婚散，二婚
守寡” (first marriage collapsed, widowed in second) → first marriage ended in divorce; second husband died of illness

Example 2 (Actor)
[ZH]
都说京城土著 +梨园世家是开挂开局，结果他把全部盘缠蒸发在北影厂门口，蹲活等到某部暗线大戏原定男主跑路，哆
嗦一句结巴小反派被剪进正片——刚过不惑，零花边，心里只装着戏。

[EN]
They say being a Beijing native from a Pear Garden dynasty is playing on easy mode, yet he burned through all his savings at the
Beijing Film Studio gate, squatted for work until a spy-thriller’s intended lead bailed, stammered his way into a minor villain role
that made the final cut—just past forty, zero tabloid gossip, nothing but the craft on his mind.
Answer: 曹炳琨 (Cao Bingkun)
Key decodings:
D “暗线大戏原定男主跑路” (spy-thriller’s intended lead bailed) → the espionage drama Lurk (潜伏, 2008); he got the role after

the original actor’s schedule conflicted; “哆嗦一句结巴小反派被剪进正片” (stammered into a stuttering bit part that made the
final cut) → he was nervous on set and stammered; the stammer was kept in the final cut and became the character’s trademark
trait

G “梨园世家” (Pear Garden dynasty) → “Pear Garden” is the classical metonym for Chinese opera; his grandfather was a famous
Peking opera performer; “盘缠蒸发在北影厂门口” (savings burned at studio gate) → lost his savings to a scam while waiting
for roles outside Beijing Film Studio

Example 3 (Singer)
[ZH]
那位冰刀退役的主儿，嗓子一半磨砂一半烈酒，被三家大厂退货的 demo在冰窖棚里冻出终极版，十位数播放把东北夜
色灌进每个买醉人的耳机，旋律铺陈白山黑水。

[EN]
That one who hung up his speed-skating blades—voice half sandpaper, half hard liquor. His demo, rejected by three major labels,
got its definitive take in a freezing studio; ten-digit streams poured Northeast nights into every late-night drinker’s earbuds, melodies
painting the White Mountains and Black Waters.
Answer: 侯旭 (Hou Xu)
Key decodings:
D “冰窖棚里冻出终极版” (definitive take in a freezing studio)→ recorded the hit song Escape (逃) at−15°C in a broken-equipment

studio, winter 2016; “十位数播放” (ten-digit streams) → surpassed 1 billion streams
G “冰刀退役” (hung up his blades) → former professional speed skater who switched to music; “白山黑水” (White Mountains and

Black Waters) → classical epithet for Northeast China (Manchuria)

Figure 6: Translated examples 1–3 from MelonBench, illustrating metaphorical encoding (Example 1), cultural
allusion (Example 2), and cross-domain metaphor (Example 3).

• Generic events: events that are plausible for
many entities in the domain and therefore con-
tribute ambiguity rather than direct identifica-
tion (e.g., "Acting was mocked by viewers as

causing ‘cringe cancer‘.").

The complete extraction prompt and category
assignment instructions are provided in Figure 9.
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Example 4 (TV Host)
[ZH]
选拔比赛钉子户，身高迷你麦架，厂区筒子楼底色。自嘲梗输出稳定，好不容易摸到棚内音综的麦，临门一脚被电话踢
飞，屡战屡败，但坚持梦想

[EN]
A fixture at hosting auditions, short as a mini mic stand, factory-dormitory roots. Steady stream of self-deprecating gags; finally got
his hands on the mic for a studio music show—only to be kicked off the doorstep by a phone call. Lost battle after battle, yet never
quit chasing the dream.
Answer: 沈南 (Shen Nan)
Key decodings:
D “棚内音综的麦” (studio music show mic) → was confirmed as host of The Voice of China (中国好声音); “临门一脚被电话踢
飞” (kicked off by a phone call) → in 2012, a last-minute call replaced him with Hua Shao (华少)

G “身高迷你麦架” (short as a mini mic stand) → at 165 cm, he was eliminated from Happy Camp’s host audition for his height;
“厂区筒子楼底色” (factory-dormitory roots) → grew up in a blue-collar working family

Example 5 (Actor)
[ZH]
那位反派钉子户，脸一摆就是”别惹我”三个字，戏路窄到只能演坏蛋。未播先火的竞技舞台，三公后他直接拎包离组
——理由是剧组等他开机。初舞台一嗓子草原嗓炸场，央视文娱提前点名。片场玩命，镜头外却秒变奶盖，反差萌到工
作人员集体姨母笑。

[EN]
That go-to villain—one look and his face screams “don’t mess with me,” typecast so hard he can only play bad guys. On a pre-buzz
competition stage, he packed up right after the third public performance—because a film crew was waiting. His debut song, pure
grassland vocals, blew the roof off; CCTV Entertainment had name-dropped him before the show even aired. Goes all-in on set, yet
the instant cameras stop he melts into cream topping—so adorably incongruous the whole crew breaks into auntie grins.
Answer: 阿如那 (A Runa)
Key decodings:
D “竞技舞台” / “三公” (competition stage / third public performance) → Call Me By Fire Season 4 (披荆斩棘的哥哥 4, 2024); he

left after the third group round to rejoin a drama set; “央视文娱提前点名” (CCTV pre-named) → CCTV’s online entertainment
desk spotlighted him before the show aired

G “草原嗓” (grassland vocals) → of Mongolian ethnicity; his debut song evoked the vast grasslands; “奶盖” (cream topping) →
internet slang for a tough-looking person who is actually sweet and gentle

Figure 7: Translated examples 4–5 from MelonBench, illustrating industry insider language (Example 4) and
variety-show coded terms with internet slang (Example 5).

C.4 Stage 4: Iterative Blind-Item Query
Generation

An independent judge model checks whether the
candidate query violates any of the following con-
ditions:

• Identifier leakage: the query contains names,
aliases, exact titles, dates, or other clues that
make retrieval trivial;

• Factual fabrication: the query introduces
content that is not supported by the selected
source events;

• Coverage failure: the query omits essential
source constraints or fails to faithfully repre-
sent the selected event set.

The completion generation prompt and audit
prompt are respectively provided in Figure 10 and
Figure 11.

In the adversarial revision loop, the generation
prompt is augmented with two additional inputs:
the previous blind-item query {query} and the
structured audit feedback {review_opinion}. An
additional constraint instructs the model to make
targeted revisions addressing the specific violations
identified by the auditor, rather than regenerating
from scratch.

C.5 Stage 5: Expert Review Protocol
Stage-5 expert review is designed as an evidence-
verification task rather than an open-ended puzzle-
solving task. This distinction is important because
the human baseline in Section 5.2 asks non-expert
participants to solve blind items from scratch,
whereas Stage-5 reviewers are shown the gold en-
tity, candidate alternative entities, retrieved evi-
dence pages, extracted atomic events, and the gen-
erated blind-item query. Their task is to verify
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Web Evidence Quality Assessment (Stage 2)

[ZH]
你是一个资深的娱乐圈数据分析师。任务：从网页搜索内容中，为构建高难度娱乐圈匿名谜题筛选素材。请对以下文本
按五个维度打分：

1. 相关性置信度 [0.0–1.0]：正文是否核心讨论该明星。
2. 信息颗粒度 [1–5]：是否包含具体数字、冷门地点、明星原话等”硬核”细节，而非空洞形容。
3. 非百科化叙事 [1–5]：是否具有”人味”和”现场感”（访谈、花絮、论坛爆料），而非百科/通稿风格。
4. 百科/通稿相似度 [1–5]：是否为模板化履历罗列、奖项清单——分值越高代表越不适合出题（惩罚项）。
5. 情节张力 [1–5]：是否具有八卦性、争议性或戏剧性反差。

输出 JSON：{relevance_confidence, granularity_score, non_wiki_score, wiki_likeness_score, drama_score, reasoning}
待分析明星：{name} 待分析文本：{content}

[EN]
You are a senior entertainment-industry data analyst. Task: score a crawled web page for its suitability as source material for
constructing hard blind-item puzzles. Rate the text on five dimensions:

1. Relevance Confidence [0.0–1.0]: Whether the document primarily discusses the target celebrity.
2. Information Granularity [1–5]: Presence of concrete details (specific figures, lesser-known locations, direct quotes) vs. vague

adjectives.
3. Non-Encyclopedic Narrative [1–5]: Degree of subjective, story-driven prose (interviews, behind-the-scenes accounts, fan com-

mentaries) vs. formal encyclopedic style.
4. Wiki-Likeness [1–5]: Extent of formulaic, template-driven encyclopedic prose—higher scores indicate less suitable material

(penalty term).
5. Drama Tension [1–5]: Presence of gossip value, controversy, or narrative surprise.

Output JSON: {relevance_confidence, granularity_score, non_wiki_score, wiki_likeness_score, drama_score, reasoning}
Target celebrity: {name} Input text: {content}

Figure 8: Prompt template for web evidence quality assessment (Stage 2). The evaluator scores each crawled
document on five dimensions: relevance confidence, information granularity, non-encyclopedic narrative, wiki-
likeness (penalty), and drama tension.

whether the gold entity is supported by the evi-
dence and uniquely satisfies the explicit constraints
encoded in the query.

Expert qualifications. We define domain ex-
pertise using task-relevant criteria: native-
level Chinese proficiency, long-term familiar-
ity with Chinese entertainment-community dis-
course, knowledge of blind-item slang and obfus-
cation conventions, and the ability to cross-check
celebrity-related claims across heterogeneous web
sources. Candidates were screened using authen-
tic entertainment-community slang and blind-item
questions drawn from Chinese social-media dis-
course. We recruited two independent domain
experts who satisfied these criteria and had more
than 10 years of sustained engagement with Chi-
nese entertainment UGC communities. Here, “10+
years” refers to sustained participation in these
online communities rather than professional em-
ployment in the entertainment industry. The ex-
perts were not involved in the automatic genera-
tion or adversarial auditing stages. The Stage-5
reviewers and the experts used for the human base-

line in Section 5.2 were independently recruited,
non-overlapping groups, although both were se-
lected using the same expertise criteria. To preserve
anonymity under the double-blind review process,
we describe their qualifications rather than disclos-
ing identifying information.

Review inputs. For each candidate item, both
experts independently received: (i) the gold target
entity, (ii) the generated blind-item query, (iii) the
extracted discriminative and generic atomic events,
(iv) the crawled evidence pages and cached snip-
pets, and (v) a set of candidate alternative answers
produced by strong search agents. The experts
were asked to make a binary accept/reject decision
after checking whether the item satisfied all four
criteria below.

All items surviving the automated pipeline un-
dergo a comprehensive four-step human review:

1. Source Quality Verification: To prevent low-
quality or irrelevant evidence from inducing
hallucinated atomic events, reviewers inspect
the original crawled web content and discard
items with garbled text, encoding artifacts,
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Atomic Event Extraction (Stage 3)

[ZH]
任务：阅读输入文档，针对目标人物提取所有相关的”完整事件描述”或”属性特征”。
关键定义：
完整事件描述（Holistic Event）：围绕一个核心主题的完整叙事单元。
聚合原则：【时间】+【核心动作】+【具体细节】+【结果/影响】须合并为一条，严禁将因果关系或从属关系拆解为多条。
唯一性事实（Unique Facts）：具有高度辨识度、能将该人物与他人区分开的具体事件（含具体作品名、奖项、特殊经历
等）。
非唯一性描述（Non-unique Descriptions）：宽泛的标签、性格评价或模糊经历（如”拍戏很敬业”、”从小家境贫寒”）。
操作准则：(1)聚合优先——因果链合成一条；(2)指代消解——将”他/她”替换为人物姓名。
输出 JSON：{unique_facts: [...], non_unique_descriptions: [...]}
目标人物：{name} 输入文档：{content}

[EN]
Task: Read the input document and extract all relevant “holistic event descriptions” or “attribute traits” for the target person.
Key definitions:
Holistic Event: A self-contained narrative unit around one core topic.
Aggregation principle: [Time] + [Core action] + [Specific details] + [Outcome/Impact] must be merged into a single entry; causally
or hierarchically dependent facts must never be split.
Unique Facts: Highly discriminative events that distinguish the person from others (specific works, awards, exceptional experiences).
Non-unique Descriptions: Broad labels, personality assessments, or vague experiences (e.g., “very dedicated on set”, “grew up in
a poor family”).
Guidelines: (1) Aggregate first—merge causal chains into one entry; (2) Resolve coreferences—replace all pronouns with the person’s
name.
Output JSON: {unique_facts: [...], non_unique_descriptions: [...]}
Target person: {name} Input document: {content}

Figure 9: Prompt template for atomic event extraction (Stage 3). The LLM extracts holistic events from raw text
and classifies each as a unique fact or non-unique description.

inaccessible content, or material irrelevant to
the target entity.

2. Privacy and Sensitivity Screening: To en-
sure ethical compliance, reviewers flag and
remove items involving invasion of personal
privacy, explicit content, or politically sensi-
tive material. Items are retained only when the
supporting evidence concerns public figures
and publicly accessible, non-sensitive infor-
mation.

3. Query–Evidence Alignment Audit: To guar-
antee faithfulness, reviewers trace every claim
in the blind-item query back to its correspond-
ing source atomic event. Minor wording mis-
matches are corrected in place when the in-
tended meaning remains fully supported by ev-
idence. Items with unsupported claims, miss-
ing selected clues, or fundamental grounding
failures are discarded.

4. Answer Uniqueness Validation: To reduce
evaluation ambiguity, we operationally define
answer uniqueness as follows: under the re-
leased anonymized query and supporting ev-
idence, exactly one target entity should sat-
isfy all retained atomic constraints. Because

open-web uniqueness cannot be proven math-
ematically, we adopt an adversarial human-in-
the-loop validation protocol similar in spirit to
Zhou et al. (2025). Multiple top-performing
AI search agents, including OpenAI DeepRe-
search, Kimi (Deep Think), Doubao DeepRe-
search, and other strong browsing systems,
independently generate candidate answers for
each query. Annotators then manually in-
spect whether any alternative answer satis-
fies all constraints embedded in the query us-
ing cached evidence and open-web search. If
any plausible alternative entity satisfies all re-
tained clues, the item is deemed ambiguous
and discarded.

Agreement and conservative filtering. Among
771 Stage-5 candidate items, the two experts
achieved 94.4% raw agreement and a Cohen’s
κ of 0.714 on binary accept/reject decisions be-
fore applying the final filtering rule. To mini-
mize residual ambiguity, we retained only items ac-
cepted by both experts with respect to evidence sup-
port, query–evidence alignment, privacy/sensitivity
screening, and answer uniqueness. This conserva-
tive consensus criterion yielded the final 665-item
MelonBench benchmark; all other items were dis-

15219



Blind-Item Query Generation (Stage 4)

[ZH]
角色：你是一名掌握特定情报的资深”深喉”博主，擅长用圈内黑话、隐喻撰写匿名爆料贴。你的情报来源仅限于下方的
人物事实。
任务：根据目标人物及其人物事实，编写一段匿名爆料文案。
核心约束：

1. 事实选择：严格从唯一性事实中选取 {unique_num}个，从非唯一性描述中选取 {non_unique_num}个。
2. 绝对匿名：严禁出现任何真实姓名、作品原名、具体地名、奖项全称、角色名、相对时间词。须转化为泛指描述或行
业黑话。

3. 迷雾构建：利用非唯一性描述构建干扰项，将唯一性事实碎片化夹杂其中。目标效果：乍一看以为在说 A，细看细节
只有目标人物才符合。

4. 封闭域原则（核心禁令）：文案中每一个信息点必须在人物事实中有直接依据。禁止引入外部知识、禁止脑补、宁缺
毋滥。

5. 语言风格：模拟微博/豆瓣/小红书语感，口语化，”看透不说透”的戏谑感。篇幅 80–120字。结尾戛然而止，不主动提
问。

输出 JSON：{reasoning, query, answer, elements: {unique_facts_indices, non_unique_descriptions_indices}}

[EN]
Role: You are a veteran insider blogger skilled in writing anonymized blind items using industry jargon and metaphors. Your
information source is strictly limited to the provided person facts.
Task: Compose an anonymized blind-item query based on the target person and their facts.
Core constraints:

1. Fact selection: Select exactly {unique_num} discriminative events and {non_unique_num} generic events.
2. Absolute anonymity: No real names, original work titles, specific place names, full award names, role names, or relative tem-

poral references. Replace with generic descriptions or industry slang.
3. Obfuscation: Use generic events to build a misleading persona as a decoy; fragment and embed discriminative events as subtle

clues. Target effect: at first glance it seems to describe person A, but only the target matches the specific details.
4. Closed-domain principle (core prohibition): Every information point in the query must have direct support in the provided

facts. No external knowledge, no fabrication, no filler.
5. Language style: Mimic Chinese social-media tone (Weibo/Douban/Xiaohongshu), colloquial, wryly knowing. Length: 80–120

characters. End abruptly without posing questions.

Output JSON: {reasoning, query, answer, elements: {unique_facts_indices, non_unique_descriptions_indices}}

Figure 10: Prompt template for blind-item query generation (Stage 4). Five core constraints govern fact selection,
absolute anonymity, obfuscation strategy, the closed-domain principle, and language style.

carded.

D Details of Data Statistics

This appendix provides additional detailed statis-
tics complementing the summary in Section 4.2.

D.1 Pipeline Attrition Analysis

Of the 1,124 candidate entities entering the con-
struction pipeline, 459 (40.8%) are discarded
across the subsequent stages (Stages 2–5). Fig-
ure 12 shows the distribution of attrition causes.
The six categories, in decreasing frequency, are:

• Insufficient Atomic Evidence (n = 122,
26.6%): The entity’s top-5 evidence documents
yield fewer than 1 discriminative event and 4
generic events after stratification, providing in-
sufficient material for query construction.

• Expert Review Rejection (n = 106, 23.1%):

Items rejected during Stage 5 human review
due to source quality issues, privacy concerns,
query-evidence misalignment, or answer non-
uniqueness.

• No Relevant Search Results (n = 88, 19.2%):
The Baidu search query returns no results sub-
stantively related to the target entity, typically
for entities with minimal online presence despite
meeting the follower-count threshold.

• No Qualified Supporting Documents (n = 57,
12.4%): Search results are retrieved, but none
surpass the composite quality threshold (S ≥
3.0) after five-dimensional scoring.

• Query Generation Failure (n = 46, 10.0%):
An API call fails or the LLM generator otherwise
fails to produce a valid blind-item query.

• Maximum Retry Limit Exceeded (n = 40,
8.7%): The faithfulness adversarial audit loop
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Adversarial Hallucination Audit (Stage 4)

[ZH]
角色：你是一名严格的逻辑与事实审计员。任务：根据给定的谜题要素（唯一事实来源），审查谜题是否符合评审标准。
闭环验证原则：你没有任何外部知识。凡是要素中未明确提及的信息，若出现在谜题中，一律视为”编纂”。
评审标准：

1. 匿名性：不得出现目标人物或任何他人的姓名。
2. 全覆盖：每条谜题要素都须在谜题中有所体现。
3. 零编纂：谜题每句话须在要素中有确凿依据。禁止合理推断（要素未提年龄，写”80后”即违规）；禁止细节加戏（要
素只说”获奖”，写”国际 A类大奖”即违规）；禁止无中生有。允许代称和行业黑话。

4. 无引导：不得包含”猜猜他是谁？”等引导性提问。
5. 无强锁定：不得出现作品全名、角色名等可直接搜索的标识符。
6. 绝对时间：严禁相对时间词（”如今”、”最近”、”三年前”等）。
工作流程：违禁词扫描→逐句溯源至要素→要素覆盖检查→结论。
输出 JSON：{analysis: [...], conclusion: ”是”/”否”}
谜题：{query} 谜题答案：{answer} 谜题要素：{elements}

[EN]
Role: You are a strict logic and fact auditor. Task: given the puzzle elements (the sole source of truth), verify whether the puzzle
complies with all audit criteria.
Closed-loop verification: You have no external knowledge. Any information not explicitly stated in the elements that appears in the
puzzle is deemed fabrication.
Audit criteria:
1. Anonymity: No real names of the target or any other person.
2. Full coverage: Every provided element must be reflected in the puzzle.
3. Zero fabrication: Every sentence must trace to the elements. No reasonable inference (elements omit age → writing “born in

the 80s” is a violation); no detail embellishment (elements say “won an award” → writing “won an international A-list award”
is a violation); no invention. Coded nicknames and industry jargon are permitted.

4. No leading: No guiding questions such as “Guess who?”
5. No hard locks: No full work titles, role names, or other directly searchable identifiers.
6. Absolute temporal reference: No relative time expressions (“nowadays”, “recently”, “three years ago”).
Workflow: prohibited-word scan → sentence-by-sentence tracing to elements → element coverage check → conclusion.
Output JSON: {analysis: [...], conclusion: “yes”/“no”}
Puzzle: {query} Answer: {answer} Elements: {elements}

Figure 11: Prompt template for adversarial hallucination audit (Stage 4). Six audit criteria enforce anonymity, full
element coverage, zero fabrication, no leading questions, no hard-lock identifiers, and absolute temporal references.

does not converge within 3 iterations—the gen-
erated query repeatedly fails one or more audit
criteria despite targeted revision.

Two key observations emerge from this anal-
ysis. First, the two largest attrition categories—
Insufficient Atomic Evidence (26.6%) and Expert
Review Rejection (23.1%), together account for
nearly half of all discards, confirming that both the
automated fact-sufficiency threshold and the human
quality gate provide substantial, non-redundant fil-
tering. Second, the remaining four causes are dis-
tributed across Stages 2–4, confirming that quality
control operates throughout the pipeline rather than
relying on any single bottleneck. The balanced at-
trition profile suggests that no individual stage is
overly aggressive or overly permissive, supporting
the overall robustness of the construction pipeline.

D.2 Follower-Range Sensitivity Study

To empirically validate the 100K–1M Weibo-
follower band, we sample 100 entities below 100K
followers and 100 above 1M, then run the full con-
struction pipeline under identical settings.

Valid-item retention drops sharply outside the
selected range: only 22% of sub-100K entities and
17% of super-1M entities survive the pipeline, com-
pared with 59.2% within the 100K–1M band. The
two groups fail for different reasons. Sub-100K en-
tities frequently lack reliable, discriminative public
traces—their web presence is too sparse to extract
sufficient atomic events or to support answer veri-
fication. Super-1M entities, by contrast, generate
abundant search results, but the top-ranked pages
are dominated by Weibo profiles, encyclopedic en-
tries, and press-release-style news articles. These
structured or templated sources score poorly under
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No Relevant Search Results (n=88)
No Qualified Supporting Documents (n=57)

Figure 12: Distribution of pipeline attrition causes (n = 459).

the quality framework (Appendix C.2) and rarely
provide the fine-grained, narratively expressed evi-
dence needed for query construction.

We further evaluate Kimi Deep Think on the re-
tained valid items from each group. On a 100-item
MelonBench sample drawn from the default range,
Deep Think achieves 54% accuracy; on surviving
sub-100K items it scores 59.09%, and on surviving
super-1M items it reaches 82.35%. The elevated ac-
curacy for super-1M entities reflects their stronger
representation in model memory and search indices,
but it also undermines the intended mid-to-long-tail
evaluation setting.

These results indicate that the 100K–1M range
balances constructability, verifiability, and task dif-
ficulty: below 100K, evidence is too sparse to
build valid items reliably; above 1M, evidence is
abundant but dominated by templated sources, and
the surviving items become too easy. Thus, the
100K–1M band is a task-design choice rather than
a population-sampling criterion.

E Details of Experiments

E.1 Full Model List and Configurations

Below we list all evaluated systems with their con-
figuration details. Their aggregate performance is
reported in Table 1 in the main paper.

Browsing and search configuration. For sys-
tems marked Brow.=Y, we used the system’s na-
tive browsing/search functionality in its deployed
product setting. Because the search indexes and re-
trieval pipelines of commercial AI search products
are proprietary, we did not standardize the back-
end retriever across systems. This choice follows
our goal of evaluating end-to-end real-world AI
search products. For systems marked Brow.=N, no
external browsing or search tool was enabled. The
Baidu Search component in the dataset construc-
tion pipeline was used only to collect and verify
benchmark evidence and was not connected to any
evaluated system.

Open-Source Models.
• DeepSeek-V3.2 (DeepSeek-AI, 2025b): a

non-reasoning model developed by DeepSeek.
• DeepSeek-R1 (DeepSeek-AI, 2025a): a rea-

soning model developed by DeepSeek.
• Qwen3.5-27B (Qwen Team, 2026b): an open-

source model from Alibaba, evaluated in both
thinking and non-thinking modes.

• Qwen3.5-397B-A17B (Qwen Team, 2026c):
an MoE model from Alibaba, evaluated in
both thinking and non-thinking modes.

• Kimi-K2.5 (Kimi Team et al., 2026): an open-
source model from Moonshot AI, evaluated
in both thinking and non-thinking modes.

• gpt-oss-120b (OpenAI, 2025): an open-
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source reasoning model released by OpenAI.
• Llama-4-Maverick-Instruct-Basic (Meta,

2025): a non-reasoning model from Meta.

Closed-Source Models.
• Qwen3.5-Plus (Qwen Team, 2026d): a

reasoning-enabled proprietary model from Al-
ibaba.

• Doubao-Seed-2.0-Pro (ByteDance, 2026b): a
proprietary model from ByteDance, evaluated
in both thinking and non-thinking modes.

• GPT-5.2 (OpenAI, 2025b): a proprietary
model from OpenAI, evaluated in both think-
ing and non-thinking modes.

• Gemini-3-Flash-Preview (Google, 2025a): a
proprietary reasoning model from Google.

• Gemini-3-Pro-Preview (Google, 2025b): a
proprietary reasoning model from Google.

• Claude-Sonnet-4.6 (Anthropic, 2026): a pro-
prietary model from Anthropic, evaluated in
both thinking and non-thinking modes.

AI Search Products.
• OpenAI DeepResearch (OpenAI, 2025a): a

multi-step retrieval and report-generation sys-
tem developed by OpenAI.

• Grok (Deep Think) (xAI, 2026): the
reasoning-centric search mode of Grok, de-
veloped by xAI.

• Doubao DeepResearch (ByteDance, 2026a):
the deep research mode of Doubao, developed
by ByteDance.

• Doubao (Standard) (ByteDance, 2026a): the
standard search mode of Doubao, developed
by ByteDance.

• Qwen DeepResearch (Qwen Team,
2026a): the deep research mode of Qwen
(Qwen3.5-Plus-basic), developed by
Alibaba.

• Qwen (Deep Think) (Qwen Team, 2026a):
the reasoning-centric search mode of Qwen
(Qwen3.5-Plus-basic), developed by Al-
ibaba.

• Kimi (Deep Think) (Kimi Team, 2026a):
the reasoning-centric search mode of Kimi
(Kimi-K2.5-Thinking-basic), developed
by Moonshot AI.

• Yuanbao (Standard) (Tencent, 2026): the
standard search mode of Yuanbao, powered
by Tencent’s Hunyuan model.

• Yuanbao (Deep Think) (Tencent, 2026): the
reasoning-centric search mode of Yuanbao,
powered by Tencent’s Hunyuan model.

• DeepSeek (Standard) (DeepSeek-AI, 2026a):
the standard search mode of DeepSeek
(DeepSeek-V3.2-basic).

• DeepSeek (Deep Think) (DeepSeek-AI,
2026a): the reasoning-centric search mode
of DeepSeek (DeepSeek-R1-basic).

E.2 Hyperparameter Settings
Decoding and Evaluation Details.

• Non-configurable APIs. For models whose
decoding hyperparameters are not exposed to
users (e.g., GPT-5.2 and Claude-Sonnet-4.6),
we use the default API settings.

• Configurable APIs. For all other models, we
follow DeepSeek-AI (2025a) and set the de-
coding hyperparameters to temperature =
0.6 and top_p = 0.95.

• Maximum output length. We set the maxi-
mum generation length to 8,192 tokens for all
API-based models to limit excessively long
reasoning traces.

• GUI-based systems. For AI search products
without API access, human annotators query
each system through its graphical user inter-
face and record the final outputs for evalua-
tion.

E.3 Evaluation Metrics
Following Zhou et al. (2025), we report two com-
plementary metrics.

Accuracy (Acc). Accuracy measures the fraction
of queries for which the predicted entity exactly
matches the gold-standard answer:

Acc =
1

N

N∑

i=1

⊮ [êi = e∗i ] (4)

where êi is the predicted entity and e∗i is the ground-
truth entity for the i-th query.

The grading prompt is provided in Appendix J.

Expected Calibration Error (ECE). ECE quan-
tifies the alignment between a model’s self-reported
confidence and its actual performance. We par-
tition predicted confidence scores into B = 5
equally spaced bins: [0, 0.2), [0.2, 0.4), [0.4, 0.6),
[0.6, 0.8), and [0.8, 1.0], and compute:

ECE =
B∑

i=1

ni

N
|acc(i)− conf(i)| (5)

where ni is the number of samples in the i-th bin,
acc(i) is the empirical accuracy of the i-th bin,
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and conf(i) is the average predicted confidence in
that bin. A lower ECE indicates better-calibrated
confidence estimates.

Since confidence scores are elicited from model
outputs rather than model logits, we interpret ECE
as a behavioral calibration diagnostic over self-
reported confidence, not as a strict probabilistic
calibration measure.

E.4 Human Baseline Protocol

Shared setup. Both non-expert and expert evalu-
ations follow the same protocol. Each participant
receives only the anonymized coded query; no gold
answer, metadata, source evidence, or any other
information is provided. Participants use Baidu as
their search engine with unlimited queries and no
time limit, continuing until they submit an answer
or give up.

Non-expert evaluation. Ten participants without
domain expertise each attempted 100 randomly
sampled items, achieving 7% average accuracy.

Expert evaluation. We recruited a separate pair
of domain experts using the same task-relevant ex-
pertise criteria as the Stage-5 review protocol in
Appendix C.5. These experts were independently
recruited and did not participate in dataset con-
struction or verification. Each expert attempted the
same 50-item subset of the same 100 items used
in the non-expert evaluation. We use a reduced
subset because each item required extensive cross-
referencing of fragmented web evidence, making
the task highly time-consuming for careful expert
analysis.

Unlike Stage-5 evidence verification, this eval-
uation requires experts to identify the target entity
from scratch: they must interpret the obfuscated
clues, formulate effective search queries, retrieve
and reconcile fragmented web evidence, and pro-
duce an answer without being shown the gold entity
or candidate alternatives. Their average accuracy
was 19%. Post-task interviews suggest that the
difficulty reflects the benchmark’s intended long-
tail and noisy-evidence setting. Even experts who
closely follow Chinese entertainment found the
sampled targets relatively unfamiliar. They also
had to cross-check fragmented, noisy, and some-
times conflicting clues across open-web sources,
making the task cognitively demanding.

Human–Model Solvability Analysis Since the
expert evaluation covers only a 50-item subset of

Human outcome #items Kimi(Deep Think)

Solved by non-experts 6 100.0% (6/6)
Solved by ≥1 expert 13 84.6% (11/13)
Not solved by either expert 37 32.4% (12/37)
Overall 50 46.0% (23/50)

Table 3: Model performance conditioned on human
success on the 50-item expert-evaluated subset.

the 100 non-expert-evaluated items, the human
study does not provide a benchmark-wide partition
of all 665 items by human solvability. We there-
fore use the overlapping 50 items for a diagnos-
tic analysis of whether low human accuracy indi-
cates unanswerability. Table 3 reports Kimi (Deep
Think) performance conditioned on observed hu-
man success. Of the 13 items solved by at least one
expert, Kimi correctly resolves 11 (84.6%). The 6
items solved by non-experts are a subset of these
13 expert-solved items, and Kimi resolves all 6.
Among the remaining 37 items not solved by either
evaluated expert, Kimi still correctly resolves 12
(32.4%). Overall, Kimi solves 23/50 (46.0%) items
on this subset.

This result highlights an important asymmetry
in interpreting human performance. Human suc-
cess provides direct evidence that an item is solv-
able under the evaluation setting, whereas failure
by a finite set of human participants does not es-
tablish that the item is unanswerable. In particu-
lar, the 12 model successes among the 37 expert-
unsolved items provide concrete counterexamples
to equating observed human failure with intrinsic
unsolvability. We therefore use the human study
as a difficulty diagnostic rather than as the opera-
tional criterion for benchmark validity; the latter is
established during construction through evidence
grounding and adversarial answer-uniqueness veri-
fication (Appendix C.5).

E.5 Fixed-Evidence Control

To separate evidence acquisition from paramet-
ric knowledge, we evaluate four representative
model configurations on all 665 queries with brows-
ing disabled and identical per-query evidence. In
ORACLE-5, models receive the five source pages
retained during benchmark construction; in NOISY-
20, these pages are augmented with 15 same-
domain distractors. Because the ORACLE-5 pages
were selected during reverse construction with
access to the target entity, this experiment is in-
tended as a controlled evidence-sufficiency diag-
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Model No-search ORACLE-5 NOISY-20

Kimi-K2.5 (Think) 18.0 98.35 98.05
Kimi-K2.5 7.1 98.50 96.54
DeepSeek-V3.2 5.4 96.84 95.64
DeepSeek-R1 6.0 97.74 94.74

Table 4: Fixed-evidence accuracy (%) on all 665
MelonBench queries. Browsing is disabled in all condi-
tions.

nostic rather than a realistic retrieval setting. All
other inference and evaluation settings follow the
main experiments.

Providing the five construction source pages
raises accuracy from 5.4–18.0% to 96.84–98.50%
and reduces the cross-model spread from 12.6 to
1.66 points. With 15 additional distractors, accu-
racy remains 94.74–98.05% and the spread is 3.31
points, corresponding to only a 1.62-point average
decrease from ORACLE-5. These results show that
cross-model differences largely disappear once rel-
evant evidence is held fixed, supporting evidence
acquisition as a major source of end-to-end varia-
tion.

F Popularity-Stratified Analysis

Figure 14 shows that performance declines as entity
popularity decreases, indicating that less prominent
figures are harder to resolve. Since most entities
in MelonBench fall in the 100K–300K follower
range, the benchmark mainly targets a challenging
mid-to-long-tail regime rather than popular head
entities. The ECE trend in Figure 14(b) further
suggests that calibration does not simply mirror
popularity-stratified accuracy, reinforcing that ECE
captures a complementary uncertainty-awareness
failure mode.

G Semantic Blur Ablation

The de-obfuscation prompt is detailed in Figure 13.

G.1 Qualitative Error Analysis

To complement the semantic blur ablation, we con-
duct a brief qualitative inspection of failed cases
from a 50-item diagnostic sample drawn from the
ablation subset. This analysis focuses on whether
models can convert coded expressions into effec-
tive search intents before retrieval and evidence
aggregation. We identify three recurring failure
modes.

Metaphor flattening. Models often flatten
metaphorical clues into generic evaluative descrip-
tions. For example, expressions such as “acting
ceiling” are frequently treated as broad praise for
strong acting ability, rather than as discriminative
signals that should guide the model toward a nar-
rower set of entities, award profiles, or represen-
tative works. This leads to overly broad search
queries and retrieval of plausible but incorrect can-
didates.

Scene-to-event mapping failures. Models also
struggle to map scene-like or stylistic descriptions
to concrete works, locations, dialect training, or
behind-the-scenes events. Clues such as “dockyard
smoke” or “spicy diction” require an intermedi-
ate decoding step: the model must infer the rele-
vant production context before searching. Failed
cases often show the model either searching these
phrases too literally or replacing them with vague
paraphrases, which prevents retrieval from reach-
ing the intended evidence.

Nickname and generic-event drift. A third
failure mode arises when ambiguous nicknames,
aliases, or generic events dominate the query. In
such cases, models tend to drift toward salient
or plausible entities that share similar surface at-
tributes, while missing the specific discriminative
clue needed to identify the gold answer. This is
especially common when generic events are easier
to retrieve than the obfuscated signal.

These qualitative patterns are consistent with the
quantitative semantic blur ablation: many failures
occur before downstream evidence aggregation, be-
cause the coded clue is not converted into the right
search intent. They therefore further support our
conclusion that coded-expression decoding is an
independent bottleneck in MelonBench.

H LLM-side Augmentation Study

Model selection and versioning. The LLM-side
augmentation study is intended as a supplemen-
tary diagnostic experiment rather than an extension
of the main leaderboard. The full benchmark re-
sults in Table 1 were obtained with a fixed model
set available at the time of the main evaluation,
whereas this additional 100-item experiment was
conducted later using three more recent model end-
points: Kimi-K2.6 (Thinking), DeepSeek-V4-Pro,
and Qwen3.7-Max. Because both the model ver-
sions and evaluation subset differ from the main
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Coded Query De-obfuscation (Semantic Blur Ablation)

[ZH]
角色：你是一名 NLP数据集构建专家，精通文本改写与实体脱敏。
任务：将一段充满娱乐圈黑话、隐喻的【黑话版 Query】，结合【原始事实线索】作为理解参考，逐句精准翻译为【脱敏
白话版 Query】。
严格规则：

1. 一一对应，绝对保序：白话版必须与黑话版的意群顺序、句子结构完全一致，不允许打乱叙事结构。
2. 不增不减：原始事实线索仅用于理解黑话指代。黑话版未明确提及的细节（如具体年份、具体籍贯）绝不能添加；黑
话版的每个特征描述都必须在白话版中保留。

3. 彻底去黑话：将所有亚文化隐喻翻译为客观、通俗的现代汉语陈述。
4. 强制实体脱敏：结合事实线索识别所有专有名词（人名、影视剧名、学校名等），在白话文中必须使用泛化代称（如”
某著名古装剧剧组”、”国内某顶尖电影学院”）。

输出 JSON：{thought_process, masked_plain_query}
黑话版 Query：{obfuscated_query} 原始事实线索：{raw_facts}

[EN]
Role: You are an NLP dataset construction expert skilled in text rewriting and entity masking.
Task: Given a coded query written in entertainment-industry jargon and metaphors, translate it sentence-by-sentence into a de-
obfuscated, entity-masked plain query, using the raw fact clues solely as a reference for understanding the coded expressions.
Strict rules:

1. Strict 1:1 mapping & order: The plain version must preserve the exact clause order and sentence structure of the coded version.
2. No addition & no deletion: Raw facts serve only as a “dictionary” for decoding jargon. Details not explicitly mentioned in

the coded query (e.g., specific years, birthplaces) must never be added; every descriptive element in the coded query must be
retained.

3. Complete de-obfuscation: Translate all subculture metaphors into objective, plain modern Chinese.
4. Strict entity masking: Identify all proper nouns (person names, show titles, school names, etc.) via the raw facts and replace

them with generic references (e.g., “a renowned period-drama production”, “a top domestic film academy”).

Output JSON: {thought_process, masked_plain_query}
Coded query: {obfuscated_query} Raw fact clues: {raw_facts}

Figure 13: Prompt template for coded query de-obfuscation (semantic blur ablation). Four strict rules enforce order
preservation, no addition/deletion, complete de-obfuscation, and entity masking.

table, these results should not be interpreted as
directly comparable leaderboard entries. Instead,
they provide a broader diagnostic of retrieval-free
augmentation methods under a consistent setup
within each model.

Setup. To examine whether retrieval-free LLM-
side augmentation can alleviate the difficulty of
MelonBench, we evaluate two common augmen-
tation strategies, few-shot prompting and self-
refinement, on a fixed 100-item subset. We evalu-
ate Kimi-K2.6 (Thinking), DeepSeek-V4-Pro, and
Qwen3.7-Max (Qwen Team, 2026f), with reason-
ing/thinking enabled where supported. All models
are evaluated on the same subset using the same
fixed few-shot demonstrations. Few-shot demon-
strations are selected from correctly solved held-
out cases that are disjoint from the evaluated sub-
set, rather than manually written examples. For
self-refinement, the model receives only the origi-
nal prompt and its initial answer in a second call,
without gold labels, judge feedback, or external

evidence.
Table 5 shows that retrieval-free augmentation

yields heterogeneous and model-dependent gains
across the evaluated models. Kimi-K2.6 improves
from 17.0% in the zero-shot setting to 20.0% with
few-shot prompting and reaches 21.0% when few-
shot prompting is combined with self-refinement.
DeepSeek-V4-Pro benefits more substantially from
few-shot prompting, improving from 21.0% to
31.0%, while adding self-refinement reduces accu-
racy to 28.0%. Qwen3.7-Max exhibits a different
pattern: its zero-shot and self-refinement accura-
cies are both 7.0%, few-shot prompting alone de-
creases performance to 3.0%, while combining few-
shot prompting with self-refinement reaches 10.0%.
These results indicate that augmentation does not
yield uniformly monotonic improvements across
model families or augmentation strategies. Given
the 100-item subset, small differences should be
interpreted cautiously. Overall, even the strongest
retrieval-free augmented result reaches only 31.0%,
suggesting that prompt-side augmentation alone
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Model Zero-shot Self-refine Few-shot Few-shot + Self-refine

Kimi-K2.6 (Thinking) 17.0% 18.0% 20.0% 21.0%
DeepSeek-V4-Pro 21.0% 25.0% 31.0% 28.0%
Qwen3.7-Max 7.0% 7.0% 3.0% 10.0%

Table 5: Retrieval-free LLM-side augmentation results on a 100-item MelonBench subset. Bold indicates the best
augmentation setting within each model
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Figure 14: Accuracy and calibration error across fan-
count bins. Panel (a) reports accuracy, and panel (b)
reports expected calibration error (ECE).

does not remove the core difficulty of MelonBench.

I Blind-Item Inference

This prompt is used at evaluation time: each blind-
item query is wrapped in this template and sent
to the model under test. The model must out-
put a structured JSON response containing its rea-
soning (explanation), a concise entity predic-
tion (exact_answer), and a self-reported confi-
dence score (confidence). The complete prompt
is shown in Figure 15.

J Eval Judge Prompt

J.1 Judge Prompt

This prompt is used in the fallback evaluation stage.
When exact string matching fails, the question,
model answer, and reference answer are sent to
a judge model to determine whether the predicted
core entity is semantically equivalent to the gold
answer. The judge allows valid name variants (e.g.,

aliases or stage names) and returns a structured
Boolean decision. The complete prompt is shown
in Figure 16.

J.2 Human Validation of Judge Decisions

To assess the reliability of the fallback semantic-
equivalence judge, we conduct a stratified human
audit of 200 judge decisions. The audited set
consists of 100 judge-positive cases, where the
judge marks the model prediction as semantically
equivalent to the reference answer, and 100 judge-
negative cases, where the judge marks the predic-
tion as incorrect. This stratified design allows us to
inspect both potential false positives and potential
false negatives of the judge.

The audit is conducted by one domain expert
with over 10 years of active experience in Chinese
entertainment user-generated-content communities.
The expert is shown the same inputs as the judge,
namely the question, the model’s structured JSON
answer, and the reference answer, but is blind to
both the judge decision and the model identity. The
expert then independently determines whether the
model answer should be counted as correct.

As shown in Table 6, human validation agrees
with 183 out of 200 audited judge decisions.
Among the 100 judge-positive cases, 17 are judged
by the human expert to be false positives. These
false positives are concentrated in 11 unique ques-
tions, suggesting that judge errors mainly arise
from a small number of ambiguous or boundary
cases rather than being broadly distributed across
the benchmark. In contrast, all 100 judge-negative
cases are confirmed by the human expert as in-
correct model answers, and we observe no false
negatives in the audited judge-negative set.

These results indicate that the fallback judge is
modestly over-permissive in a small number of am-
biguous cases. Consequently, residual judge bias
may slightly overestimate absolute accuracy. How-
ever, because the observed disagreements are local-
ized and the judge is only used after rule-based ex-
act or normalized matching fails, the audit supports
the overall reliability of the evaluation pipeline
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Blind-Item Inference Prompt

[ZH]
{query}
猜测上述的描述指的是谁？
你的回复应遵循以下 json格式，且仅输出 json：
{

”explanation”: ”{你对最终答案的解释}”,
”exact_answer”: ”{你简洁的最终答案}”,
”confidence”: ”{你对答案的置信度得分在”0%”到”100%”之间}”

}

[EN]
{query}
Based on the above description, who is this person?
Your reply must follow the JSON format below and output only JSON:
{

”explanation”: ”{Your explanation for the final answer}”,
”exact_answer”: ”{Your concise final answer}”,
”confidence”: ”{Your confidence score between “0%” and “100%”}”

}

Figure 15: Prompt template for blind-item inference. The model receives a coded blind-item query and must return
a structured JSON with its explanation, predicted entity, and confidence score.

Judge decision Sampled Human-agreed Human-disagreed Agreement

Judge-positive 100 83 17 83.0%
Judge-negative 100 100 0 100.0%

Overall stratified audit 200 183 17 91.5%

Table 6: Human validation of the fallback semantic-equivalence judge.

while clarifying the main direction of remaining
judge error.

K Qualitative Trajectory Analysis of
Thinking Mode

To complement the quantitative results in Sec-
tion 5.2, we conduct a post-hoc qualitative tra-
jectory analysis using Kimi-K2.6 in a search-
augmented setting. We use Kimi-K2.6 for this
analysis because Kimi-K2.5, the model used in the
main quantitative experiments, was no longer ac-
cessible to us at the time of trajectory inspection.
Since the purpose of this analysis is explanatory
rather than comparative, we treat Kimi-K2.6 as
a representative reasoning-oriented search system
and use it only to inspect qualitative behavioral
patterns.

We analyze 20 paired cases in which the non-
thinking search configuration fails while the corre-
sponding thinking search configuration succeeds.
This analysis is intended to explain successful flip
cases rather than to claim that thinking mode uni-
versally improves performance across all models
and instances. Importantly, we focus only on ob-

servable retrieval and answer trajectories rather
than hidden reasoning traces. For each paired case,
we compare the issued search queries, retrieved
evidence, intermediate candidate entities, and fi-
nal verification behavior. We then manually group
recurring differences between the two modes into
three trajectory-level patterns: obfuscated clue de-
coding, search trajectory control, and fragmented
evidence integration.

These cases suggest that thinking mode im-
proves performance in retrieval-augmented coded
entity resolution not merely by producing longer
responses, but by changing how the model uses
search. In successful trajectories, thinking mode
first maps obfuscated or metaphorical clues into
searchable hypotheses, then iteratively revises the
search direction as new evidence is obtained, and
finally eliminates candidates that satisfy only part
of the clue set. This behavior is particularly impor-
tant for MelonBench because each query combines
culturally grounded obfuscation with fragmented
open-web evidence; shallow keyword matching can
easily retrieve plausible but incorrect candidates.

The trajectory analysis also clarifies the limita-
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Answer Evaluation Judge Prompt

[ZH]
请你扮演一位资深的娱乐圈专家。你的任务是作为评测官，结合【问题】，判断【学生答案】中给出的核心人物是否与
【参考答案】一致。
请严格遵循以下评判规则：
1. 仅关注核心答案：你只需要判断【学生答案】最终给出的核心人物（如 exact_answer）是否与【参考答案】一致，无需
评判其解释过程。如果学生答案未给出具体确切的人物（如回答”无法确定具体人物”），请直接判为错误（False）。
2. 忽略题目严谨性：无需考虑【问题】的描述是否严谨或是否能唯一指向该人物，只要【学生答案】的核心结论命中了
【参考答案】的人物（注意：本名、艺名视为同一人），即可判为正确。

3. 多答案处理机制：如果【学生答案】给出了多个名字，你需要结合【问题】判断这些人物是否确实在题目描述中有所
体现。只有当【参考答案】包含在这些名字中，且其他名字也是对题干合理分析得出的，才可判为正确。
4. 绝对的格式要求：请仅使用 Python Dict的格式返回你的评判结果，不要包含任何额外的解释。

输出格式：
{{”reason”: ”<简短理由 >”, ”judge”: True/False}}

Few-shot样例（6条，覆盖边界情况）：

1. 学生答”白鹿”，参考答案”白梦妍” → True（本名/艺名为同一人）
2. 学生答”赵丽颖”，参考答案”白庆琳” → False（不同人物）
3. 学生答”富大龙”（非 JSON格式），参考答案”阎青妤” → False（不同人物）
4. 学生答”无法确定具体人物”，参考答案”苑冉” → False（未给出确切人物）
5. 学生答”吴京”，参考答案”吴京安” → False（名字相似但非同一人）
6. 学生答”朱一未和白昕怡”，参考答案”白昕怡” → True（多答案中包含参考答案且分析合理）

接下来，请开始你的评判任务：
【问题】：{question}
【学生答案】：{student_answer}
【参考答案】：{reference_answer}

[EN]
You are a senior entertainment industry expert. Your task is to serve as an evaluation judge: given the [Question], determine whether
the core person identified in the [Student Answer] matches the [Reference Answer].
Strictly follow these evaluation rules:
1. Focus only on the core answer: Judge only whether the final person (e.g., exact_answer) matches the reference. If the student
fails to name a specific person (e.g., “cannot determine”), mark it as incorrect (False).
2. Ignore question rigor: Do not consider whether the question uniquely identifies the person. As long as the student’s core
conclusion matches the reference (note: birth names and stage names count as the same person), mark it correct.
3. Multi-answer handling: If the student names multiple people, verify that all named individuals are reasonably supported by the
question. Only mark correct if the reference answer is among them and the other names are justified.
4. Strict format: Return only a Python dict with no extra explanation.

Output format:
{{”reason”: ”<brief justification>”, ”judge”: True/False}}

Few-shot examples (6, covering edge cases):

1. Student: “Bai Lu”, Reference: “Bai Mengyan” → True (stage name = birth name, same person)
2. Student: “Zhao Liying”, Reference: “Bai Qinglin” → False (different people)
3. Student: “Fu Dalong” (non-JSON), Reference: “Yan Qingyu” → False (different people)
4. Student: “Cannot determine”, Reference: “Yuan Ran” → False (no specific person given)
5. Student: “Wu Jing”, Reference: “Wu Jing’an” → False (similar names, different people)
6. Student: “Zhu Yiwei and Bai Xinyi”, Reference: “Bai Xinyi” → True (reference included among justified multi-answers)

Now begin your evaluation:
[Question]: {question}
[Student Answer]: {student_answer}
[Reference Answer]: {reference_answer}

Figure 16: Prompt template for answer evaluation. The judge model receives the question, model answer, and
reference answer, and determines whether the predicted entity is semantically equivalent to the gold answer.

tion of reasoning alone. Thinking mode is most
effective when there is enough domain knowledge
or retrieved evidence to support meaningful hypoth-

esis revision. When the model lacks the cultural
background needed to interpret the clue, or when
retrieved evidence remains too generic to distin-
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Mechanism Observed pattern Representative paired case

Obfuscated clue decoding
and implicit constraint ex-
pansion

The thinking trajectory rewrites literal
or metaphorical clues into searchable se-
mantic hypotheses and infers implicit
constraints that are not directly ex-
pressed in the surface form.

For Lv Jianzhong / Tank, the non-thinking trajec-
tory remains close to literal phrases such as “heart
red light.” In contrast, the thinking trajectory inter-
prets the health-related clue as pointing to heredi-
tary heart disease and links the “Three Kingdoms
love song” clue to San Guo Lian. This reformula-
tion turns vague surface expressions into search-
able constraints that support entity resolution.

Search trajectory control The thinking trajectory revises the
search direction when early results
are generic, incomplete, or conflicting,
rather than persisting with the initial
query formulation.

For Chu Junchen, the non-thinking trajectory stays
around broad queries such as “3D director” and
“military camp,” which retrieve generic or weakly
related evidence. The thinking trajectory redi-
rects the search toward The Taking of Tiger Moun-
tain 3D and actor-training evidence, allowing the
model to connect the clue set to a more specific
candidate.

Fragmented evidence inte-
gration

The thinking trajectory verifies the full
clue set before committing to an answer,
instead of stopping at a candidate that
only partially matches the query.

For Gu Yawei, the non-thinking trajectory stops
at a partially matching singer identity. The think-
ing trajectory checks additional fragmented con-
straints, including “50 pairs of glasses,” imperfect
Cantonese, and the intern role in The Queen of
News 2, before selecting the final entity.

Table 7: Qualitative trajectory patterns from 20 Kimi-K2.6 search-augmented flip cases, comparing observable
retrieval and answer behavior between non-thinking and thinking configurations.

guish candidates, additional reasoning steps may
not yield a correct answer. This is consistent with
the heterogeneous gains observed in Section 5.2:
some models benefit substantially from thinking
mode, while others show only marginal improve-
ment.

Overall, the qualitative evidence supports the in-
terpretation that successful thinking-mode behavior
relies on three capabilities: semantic query refor-
mulation, hypothesis revision, and constraint-based
candidate elimination. These capabilities com-
plement the quantitative ablations in Section 5.3,
which show that MelonBench difficulty arises from
the coupled chain of de-obfuscation, retrieval, evi-
dence integration, and open-ended entity recall.

L Finance Cross-Domain Pilot

L.1 Motivation and Scope

To provide preliminary evidence that the coded-
entity-resolution framework is not limited to Chi-
nese entertainment, we construct a small finance
pilot. The goal of this pilot is not to introduce a
full finance benchmark, but to test whether the core
evaluation structure of MelonBench can be instan-
tiated in a substantially different domain.

The finance pilot follows the same high-level
generate–verify pipeline as MelonBench. Instead
of using entertainment figures as target entities, it

uses A-share listed firms. Each item describes a
target firm through obfuscated or indirect clues and
requires the system to identify the correct company
from fragmented open-web evidence. The answer
is evaluated at the entity level, allowing common
aliases such as the official Chinese short name, full
legal name, and stock-code-associated company
name when they unambiguously refer to the same
firm.

We emphasize that this is a small-scale pilot. It
contains 80 items and is intended to support the
broader applicability of the proposed evaluation
paradigm, rather than to serve as a comprehensive
cross-domain benchmark. Accordingly, we report
it separately from the main MelonBench leader-
board.

L.2 Construction Details
The finance pilot preserves the five-stage construc-
tion structure used in MelonBench: candidate pool
construction, web evidence retrieval and filtering,
atomic event stratification, blind-item-style query
generation, and manual verification. The domain-
specific adaptations are summarized below.

Candidate pool. The candidate entities are A-
share listed firms. We use listed companies because
they provide public identifiability, sufficient open-
web evidence, and entity-level verifiability. Each
target company is associated with a unique stock
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code, which helps disambiguate firms with similar
short names. The stock code is used for verification
and alias normalization, but is not exposed in the
query.

To avoid reducing the task to recognition of
highly memorized market icons, we further screen
for mid-to-long-tail firms. A candidate is pre-
ferred when it satisfies three conditions. First, it
must be unambiguously resolvable as a listed firm
through its official short name, full legal name, and
stock-code-associated name. Second, it must have
enough public evidence to support retrieval and ver-
ification, including both formal disclosure sources
and noisier open-web discussion. Third, it should
have relatively low prior salience: we avoid compa-
nies whose identity is likely to be recovered from
a single famous event, dominant industry position,
stock-code association, widely repeated slogan, or
landmark transaction. At the same time, we do
not select entities that are so obscure that the evi-
dence cannot be reliably retrieved or cross-checked.
The intended candidate region is therefore “search-
able but not memorized”: firms with public traces,
adjacent competitors, and non-trivial operating his-
tories, but without one-shot identifying fame.

Evidence retrieval and filtering. For each can-
didate firm, we retrieve open-web evidence using
search queries based on the company name, stock
abbreviation, business segments, major events, and
public disclosures. Retrieved pages may include fi-
nancial news, company announcements, exchange
disclosures, investor-relations pages, industry re-
ports, and discussion-oriented web pages. In the
finance setting, we also allow noisy sources such as
Xueqiu, stock forums, Zhihu finance discussions,
finance blogs, and secondary reposted news, but
only when the relevant clue can be traced back to or
corroborated by company announcements, annual
reports, exchange Q&A, or authoritative financial
journalism.

The filtering prompt replaces entertainment-
specific source criteria with finance-adapted cri-
teria. Each page is scored along six dimensions:
(i) relevance confidence, measuring whether the
page is truly about the target company rather than
a same-name or only tangential mention; (ii) gran-
ularity, measuring whether it contains concrete,
verifiable business details rather than generic eval-
uations; (iii) non-wiki style, measuring whether
it provides discussion, analysis, or event context
beyond a template company profile; (iv) reliability,

measuring whether the facts are disclosure-grade
or can be corroborated by authoritative sources;
(v) narrative tension, measuring whether the page
contains an event, role change, route shift, or oper-
ational consequence useful for blind-item construc-
tion; and (vi) wiki-likeness, a penalty dimension
for pages dominated by boilerplate introductions,
official PR, stock summaries, or announcement-
like restatements.

Scored by those dimensions, noisy or UGC-like
pages are not rejected by default; their value lies in
providing indirect phrasing and market-discussion
context, but the factual ground truth must remain
publicly retrievable and independently verifiable.

Atomic event stratification. As in MelonBench,
we extract atomic events from the retained evidence
and divide them into discriminative and generic
events. The finance extraction prompt requires
each fact to be directly related to the target com-
pany and explicitly stated or strongly supported
by the retained text. Fragmentary statements are
merged into complete business-event units rather
than treated as isolated snippets. A useful event
unit typically combines a business role or actor, an
action, an object or operating scene, and a result or
role shift, such as a change in customer type, prod-
uct route, supply-chain position, commercialization
stage, production deployment, or post-transaction
business consequence.

Discriminative events, stored as unique facts, are
not simply the most famous facts about a company.
They are selected for low-prior but retrievable dis-
tinctiveness: they should help narrow the candi-
date space after web search, while remaining un-
likely to be solved from parametric memory alone.
We therefore prefer business relationship changes,
route switching, operating-position changes, im-
plicit consequences of capacity, certification, or
customer-structure changes, and rumors or discus-
sion threads later confirmed by disclosure. We
avoid using as primary discriminators facts whose
uniqueness depends mainly on company names,
stock codes, exchange boards, exact financial fig-
ures, formal project or acquisition names, famous
counterparties, or one-shot headlines.

Generic events, stored as non-unique descrip-
tions, are broad but true company-profile clues
that can plausibly apply to multiple nearby firms.
Examples include deep involvement in a niche
sector, heavy R&D investment, reliance on major
downstream customers, visible market controversy,
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growth volatility, or exposure to an industry cycle.
These clues are useful not because they identify the
answer directly, but because they create a plausible
first-pass candidate set. Each final item combines
one discriminative event with several generic or
weakly discriminative descriptions, preserving the
same “mislead first, then gradually resolve” struc-
ture used in MelonBench.

Query generation and verification. The query-
generation stage converts selected atomic events
into an obfuscated natural-language query. Follow-
ing the cross-domain finance prompt, each gener-
ated item uses one unique fact and four non-unique
facts. The non-unique facts are placed early to
construct a broad but plausible company portrait,
while the unique fact is split into two or three se-
mantic fragments and dispersed across the query.
The query must not directly reveal the company
name, stock code, exchange-board identity, formal
project name, official transaction label, exact year,
exact financial number, or other searchable anchor.

The main difficulty is intended to come from
semantic de-obfuscation rather than from memoriz-
ing a rare keyword. Therefore, the unique event is
rewritten through controlled transformations such
as consequence-first phrasing, relationship rewrit-
ing, object generalization, causal inversion, and
market-expectation reversal. The query should al-
low a reader to recover a search intent such as “com-
pany profile + operating change + consequence”,
but should not expose the complete event skeleton
in a single sentence. In particular, we avoid placing
the core action, key object, and result of the unique
fact together, because that would reduce the task to
searching a lightly anonymized announcement.

Each draft is checked for identifier leakage, un-
supported clue introduction, answer ambiguity, and
excessive searchability. The verification stage also
checks whether every sentence is grounded in the
selected facts, whether all selected clues are re-
flected in the query, whether the unique fact has
been properly fragmented, and whether the open-
ing clues create a sufficiently broad candidate set.
Finally, each retained item is manually verified for
evidence grounding, public retrievability, and an-
swer uniqueness.

L.3 Representative Example

Figure 17 shows one representative item from the
finance pilot. The example illustrates that the pi-
lot preserves the same core difficulty structure as

MelonBench: the target entity is hidden, the clues
must be decoded before retrieval, and the answer
must be resolved from fragmented public evidence.

L.4 Evaluation Protocol
The finance pilot uses the same open-ended entity-
resolution format as MelonBench. For each ques-
tion, the model must output the predicted target
company. A response is counted as correct if it
unambiguously identifies the gold company, in-
cluding accepted aliases such as the official short
name, full legal name, or a stock-code-associated
name. Ambiguous answers, industry-level an-
swers, parent-company/subsidiary confusions, and
answers naming only a product or business segment
are marked incorrect unless they uniquely identify
the target listed firm.

We evaluate both no-search and search-
augmented settings. No-search settings test
whether the model can resolve the entity from
parametric knowledge and internal reasoning alone.
Search-augmented settings test whether the model
can decode the indirect clues into effective search
intents and integrate fragmented open-web evi-
dence to identify the target company.

L.5 Results
Table 8 reports the full pilot results. Overall, no-
search configurations remain weak, while search-
augmented configurations generally perform better.
The best-performing setting, Kimi (Deep Think),
achieves 40.0% accuracy, corresponding to 32 cor-
rect answers out of 80. This indicates that the
finance pilot is also far from saturated.

The average accuracy of the four no-search set-
tings is 19.06%, while the average accuracy of the
six search-augmented settings is 27.92%. This de-
scriptive comparison suggests that search remains
important outside the entertainment domain as well.
However, search alone does not solve the task: even
the strongest search-augmented setting answers
fewer than half of the questions correctly. The
qualitative pattern is therefore consistent with the
main motivation of MelonBench: successful perfor-
mance requires not only access to web evidence,
but also decoding indirect clues, forming useful
search intents, and resolving the correct entity from
noisy or fragmented evidence.

L.6 Model-Version Caveat
The finance pilot was conducted after the main
MelonBench evaluation. Due to model availability,
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[ZH]

[EN]

This old-line ink factory has long been tagged with regional concentration and production-supply-
sales integration, sounding like just a common old soldier in the packaging track. What really made
it change its card was not continuing to spread many flavors, but almost clearing out the plate that
had originally been seen as diversified side lines when the circle flipped through the account book
again, only then did it discover that it had only one ace card clenched in its hand.

Figure 17: A representative item from the finance pilot.

Model / Setting Think Search Pilot Acc.

DeepSeek-V4-Pro (DeepSeek-AI, 2026b) Y N 26.25%
DeepSeek-V4-Flash (DeepSeek-AI, 2026b) Y N 18.75%
Kimi-K2.6(Non-Thinking) (Kimi Team, 2026b) N N 8.75%
Kimi-K2.6(Thinking) (Kimi Team, 2026b) Y N 22.50%

DeepSeek-V4-Pro + search Y Y 31.25%
DeepSeek-V4-Flash + search Y Y 33.75%
Kimi(standard) N Y 17.50%
Kimi(Deep Think) Y Y 40.00%
Qwen3.6(Deep Think) (Qwen Team, 2026e) Y Y 25.00%
Qwen DeepResearch – Y 20.00%

Table 8: Full results on the finance cross-domain pilot. “–” indicates that the corresponding product setting does not
expose a separate thinking-mode toggle and boldfaced scores denote the best result overall across all systems.

API updates, and product-version changes, some
model or product versions used in this pilot are not
identical to those used in the main MelonBench
leaderboard. In particular, the pilot table in-
cludes pilot-time settings such as DeepSeek-V4-
Pro, DeepSeek-V4-Flash, and Kimi-K2.6, which
should not be treated as exact counterparts of the
versions reported in the main results.

For this reason, we do not merge these results
into the main benchmark leaderboard, and we do
not use them to revise the main ranking conclu-
sions. Instead, the finance pilot is reported as a
separate cross-domain study. Its purpose is to pro-
vide preliminary empirical evidence that the same
coded-entity-resolution framework can be instanti-
ated in a non-entertainment domain.

L.7 Limitations

The finance pilot has three important limitations.
First, it is small in scale: 80 items are sufficient for

a pilot study, but not for drawing comprehensive
conclusions about finance-domain entity resolu-
tion. Second, it covers only one additional domain.
Although finance differs substantially from enter-
tainment in entity type, evidence sources, terminol-
ogy, and verification procedures, broader valida-
tion across additional domains remains necessary.
Third, the pilot uses model/product versions avail-
able at the time of evaluation, which are not fully
identical to those in the main MelonBench evalu-
ation. The results should therefore be interpreted
as preliminary evidence of framework adaptability,
not as a direct extension of the main leaderboard.

Despite these limitations, the finance pilot sug-
gests that the proposed evaluation is not inherently
tied to Chinese entertainment. Its core structure of
obfuscated clues, fragmented open-web evidence,
and open-ended entity resolution can be adapted
to A-share listed firms, providing a feasible path
toward broader cross-domain benchmarks.
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