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Abstract

Retrieval-Augmented Generation (RAG) en-
hances Large Language Models (LLMs) with
external knowledge but remains vulnerable to
low-authority sources that can propagate mis-
information. We investigate whether LLMs
can perceive information authority—a capa-
bility extending beyond semantic understand-
ing. To address this, we introduce Authority-
Bench, a comprehensive benchmark for evaluat-
ing LLM authority perception comprising three
datasets: DomainAuth (10K web domains with
PageRank-based authority), EntityAuth (22K
entities with popularity-based authority), and
RAGAuth (120 queries with documents of vary-
ing authority for downstream evaluation). We
evaluate five LLMs using three judging meth-
ods (PointJudge, PairJudge, ListJudge) across
multiple output formats. Results show that List-
Judge and PairJudge with PointScore output
achieve the strongest correlation with ground-
truth authority, while ListJudge offers opti-
mal cost-effectiveness. Notably, incorporating
webpage text consistently degrades judgment
performance, suggesting authority is distinct
from textual style. Downstream experiments
on RAG demonstrate that authority-guided fil-
tering largely improves answer accuracy, val-
idating the practical importance of authority
perception for reliable knowledge retrieval.

1 Introduction

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) has emerged as a dominant and effec-
tive method to mitigate outdated and hallucinations
of Large Language Models (LLMs) by enabling
models to incorporate real-time, domain-specific
information from external knowledge bases. In
practical retrieval processes for RAG systems, the
sources often comprise diverse corpora, where a
source with low authority can lead the system to
generate misinformation (Schlichtkrull, 2024), es-
pecially for queries in critical areas like health and

politics. For example, consider the query: “Does
drinking water with meals dilute gastric juices
enough to affect digestion?” As illustrated in Fig-
ure 1, a RAG system might retrieve conflicting
answers: a high-authority source like Mayo Clinic
states that water does not cause problems, while
lower-authority lifestyle blogs claim it hinders di-
gestion. If the RAG cannot discern the difference
in their authority and instead favors the latter sim-
ply because its prose is more fluent or persuasive, it
can produce misleading or even harmful responses.
This underscores the crucial role of authority per-
ception in ensuring the quality and reliability of
RAG systems.

LLMs may have already developed a prelimi-
nary ability for authority perception. For instance,
LLMs inherently associate higher authority with
web domains ending in “.gov” in our experiments.
While LLMs demonstrate strong capabilities across
a range of semantically related tasks (Yang et al.,
2025; Team et al., 2023), authority is a feature
that extends beyond mere semantic understand-
ing. This discrepancy raises an important question:
Can LLMs effectively perform the task of author-
ity perception? This leads to our central research
questions: RQ1: How can authority be defined,
and the performance of authority perception be
quantified? Furthermore, RQ2: how can the au-
thority perception ability of LLMs be elicited?

For the RQ1, we consider two types of authority:
(1) source authority: This preference reflects the
perceived reliability and reputation of the informa-
tion source. We operationalize source authority us-
ing PageRank (Rogers, 2002), a link analysis algo-
rithm that assigns higher importance to pages that
receive links from other important pages in the web
graph. (2) Entity authority: Assertions attributed
to recognized experts, institutions, or officehold-
ers are generally considered more trustworthy than
identical statements from unknown individuals. We
refer to this phenomenon as entity authority. We
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Figure 1: An illustration of the authority perception challenge in RAG. When faced with conflicting information
from sources of varying authority (e.g., a high-authority medical institution like Mayo Clinic vs. lower-authority
lifestyle blogs), an LLM must correctly discern which source to trust to provide a reliable answer. Our work

investigates this capability.

approximate entity authority using entity popular-
ity, a widely adopted proxy in prior works (Ni et al.,
2025; Mallen et al., 2023), which measures how
frequently or prominently an entity appears in large
corpora and knowledge sources. Further, we an-
alyze the practical value of authority perception
in the RAG task. Therefore, we introduce a com-
prehensive benchmark to evaluate LLMs’ author-
ity perception, i.e., AuthorityBench, containing
three new datasets: DomainAuth, annotated with
PageRank-based authority scores over 10K web do-
mains; EntityAuth, covering 22K entities across
three domains with Wikipedia sitelink counts as
authority proxies; and RAGAuth, a downstream
dataset of 120 yes/no queries paired with retrieved
documents of varying authority, designed to mea-
sure the practical impact of authority perception on
RAG generation quality. To comprehensively eval-
uate LLMs’ authority perception, our benchmark
incorporates two distinct ground truth authority la-
bels: fine-grained (10-level) and coarse-grained
(5-level) labels.

For the RQ2, we evaluate five LLMs on Author-
ityBench using three distinct judging methods ac-
cording to the input format, i.e., PointJudge (Each
judge with one input), PairJudge (Each judge with
two inputs), and ListJudge (Each judge with the
list input). For PairJudge and ListJudge, we fur-
ther design multiple output formats—either pro-
ducing a direct ranking of the list/pair input (Lis-
tRank/PairRank) or assigning an absolute author-
ity score to each item in one output (PointScore).

To analyze the context impact, each judge is ap-
plied with/without the webpage text. For the Do-
mainAuth and EntityAuth, our findings confirm
the following observations: (1) Across all settings,
ListJudge and PairJudge with PointScore output
yield the strongest correlations with ground-truth
authority labels; However, PairJudge has the high-
est inference cost, while ListJudge offers the best
cost—effectiveness trade-off. (2) Incorporating web-
page text generally degrades LLM judgment under
all settings, indicating authority is not equivalent
to textual style, fluency, or narrative richness.

Further, on RAGAuth, we design a controlled
experiment of authority-guided filtering and com-
pare it against relevance-based (Sun et al., 2023)
and utility-based (Zhang et al., 2024b) filtering
baselines: all implemented under a unified List-
Judge with PointScore output and then employ
top-k selection. Experiments demonstrate that
authority-guided filtering markedly boosts final an-
swer accuracy and mitigates misguidance from un-
trustworthy information, validating the practical
value of authority perception in RAG.

2 Related Work

2.1 LLM-as-a-Judge

A growing body of work, often termed “LLM-as-a-
Judge” (Zheng et al., 2023; Li et al., 2025), which
leverages LLMs to evaluate retrieved documents.
This line of research has progressed through in-
creasingly sophisticated criteria for what consti-



tutes a “good” document.

From Relevance to Utility. Initial studies adapted
classic information retrieval paradigms to the LLM-
as-a-Judge context, focusing on relevance. These
methods, including Pointwise, Pairwise, and List-
wise approaches, confirmed that LLMs can effec-
tively rank documents based on their semantic
match to a query (Zhuang et al., 2024; Sun et al.,
2023; Qin et al., 2024; Ma et al., 2023). For in-
stance, Pointwise methods score each document
independently, while Pairwise methods compare
two documents at a time to determine the better
one. However, these studies also highlighted a key
limitation: a document can be highly relevant in
topic but lack the specific facts needed to formulate
a correct answer, leading to the “missing evidence”
problem. Recognizing this, subsequent research
introduced the concept of utility to capture a doc-
ument’s actual usefulness in generating a correct
answer (Zhang et al., 2024b,a). This marked a shift
from judging topical alignment to assessing prac-
tical value, proving to be a more effective filter
that significantly improves downstream QA perfor-
mance (Zhang et al., 2024b; Dewan et al., 2025;
Ke et al., 2024; Jain and Garimella, 2025; Zhang
et al., 2025, 2024a).

From Content to Source Credibility. While util-
ity focuses on document content, a parallel thread
of research argues that the credibility of the source
is also a critical signal. These “credibility-aware”
systems aim to make LLMs sensitive to source
quality. For instance, Pan et al. (2024) fine-tune
models on explicit, multi-dimensional credibility
labels (including source authority), while Deng
et al. (2025) and Hwang et al. (2025) propose meth-
ods to dynamically down-weigh information from
less reliable sources based on pre-assigned scores
Or Cross-source inconsistencies.

2.2 Source Authority and Credibility in NLP

In fake news detection and claim verification,
credibility is typically a proxy for factuality.
The seminal LIAR dataset, for example, uses a
speaker’s history of truthful or false statements as
a primary signal for assessing new claims (Wang,
2017). Other work explicitly uses the authority and
popularity of web domains as features to predict
a claim’s veracity (Popat et al., 2016, 2017). Sim-
ilarly, in media profiling, credibility is equated
with a news outlet’s reporting accuracy and lack
of bias, often benchmarked against human-curated

ratings from organizations like Media Bias/Fact
Check (Nakov et al., 2024; Schlichtkrull, 2024).

While these lines of research are crucial, they de-
fine credibility primarily in terms of content quality.
In contrast, our work isolates the concept of source
authority as a prior, content-agnostic property of
a publisher or entity, reflecting its structural influ-
ence or global recognition. We argue that this is a
distinct and fundamental dimension of credibility.
While prior work has used authority as a feature,
our study provides a systematic benchmark to in-
vestigate whether LLLMs can perceive this signal
on its own, offering a foundational analysis for this
critical aspect of model intelligence.

3 AuthorityBench

3.1 Overview and Dimensions of Authority

A systematic evaluation of authority perception
first requires a clear definition of authority and
a method to quantify it. In information science,
authority is often distinguished from credibility:
while credibility is a user’s subjective assessment
of trustworthiness (Rieh, 2010), authority is a more
objective, source-based property (Wilson, 1983).
Following Wilson (1983)’s notion of cognitive au-
thority—the idea that people grant differential trust
to sources recognized as knowing what they are
talking about—we define authority along two di-
mensions.

Source Authority. Source authority is a prior,
publisher-level measure of credibility, governance,
and influence, independent of any single docu-
ment’s content. It captures how much a source
should be trusted by default when relevance is
held constant. We operationalize this dimen-
sion with DomainAuth and use link-based central-
ity—PageRank computed over a domain-level web
graph—as the primary proxy, since a domain’s po-
sition in the global hyperlink structure provides an
objective, scalable, and content-agnostic signal of
its structural prestige.

Entity Authority. Assertions attributed to recog-
nized experts, institutions, or officeholders are gen-
erally considered more trustworthy than identical
statements from unknown individuals. We opera-
tionalize this dimension with EntityAuth and use
the entity’s cross-lingual footprint—the number of
interlanguage sitelinks on Wikipedia, i.e., entity
popularity—as a practical proxy for global recog-
nition, since this metric captures the breadth of
an entity’s presence across cultures and languages,
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Figure 2: An overview of AuthorityBench. It consists
of three sub-tasks: DomainAuth for source authority,
EntityAuth for entity authority, and RAGAuth for down-
stream RAG evaluation. The outer rings show the topic
distribution within each dataset.

serving as a strong indicator of its standing in the
global knowledge graph.

3.2 Benchmark Construction

To evaluate authority perception, we construct two
sub-benchmarks—DomainAuth and EntityAuth
—by adapting instances from existing datasets
(Chen et al., 2019; Ni et al., 2025). These target
source-level and entity-level authority, respectively.
To assess the practical value of authority percep-
tion in downstream RAG, we further introduce the
RAGAuth sub-benchmark. Figure 2 presents an
overview of our proposed AuthorityBench.

Data Source. DomainAuth is constructed from the
TianGong-ST web-scale search corpus (Chen et al.,
2019), comprising 10,000 diverse web domains
spanning news media, government, education, e-
commerce, and social media. We use Google Tool-
bar PageRank scores obtained via public SEO tools
as ground-truth authority labels. PageRank (Page
et al., 1999) is the most recognized algorithm for
quantifying web domain importance based on the
hyperlink structure, where pages endorsed by au-
thoritative sources are themselves considered au-
thoritative, providing an objective and scalable sig-
nal for domain prestige.

Authority Annotation. The Google Toolbar
PageRank! assigns integer scores from 0 to 10.
Because domains with a score of 10 constitute
less than 0.01% of the corpus, we exclude this
tier and retain scores in the range 0-9, yielding 10
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discrete authority levels. We adopt two label gran-
ularities for the final annotations: (i) a fine-grained
scheme that preserves the 10 levels (0-9), and (ii)
a coarse-grained scheme that collapses adjacent
levels into a five-point scale (0&1—0, 2&3—1,
4&5—2, 6&7—3, 8&9—4).

3.2.1 EntityAuth

Data Source. EntityAuth is derived from the entity-
centric QA dataset introduced by Ni et al. (2025),
which covers three domains: basketball players,
movies, and songs. We sample 2,000 entities from
the songs domain, and 10,000 each from the movies
and basketball domains to form our corpus. Fol-
lowing Ni et al. (2025), we use the number of
Wikidata sitelinks—the count of language editions
of Wikipedia that have a dedicated page for the
entity—as a proxy for its global prominence and
recognition. This metric robustly captures an en-
tity’s cognitive breadth across cultures, serving as a
strong indicator of its authority in the global knowl-
edge graph.

Authority Annotation. The raw sitelink counts
exhibit a strong power-law distribution, similar to
the hyperlink structures underlying PageRank. To
create a standardized 0-9 score comparable to Do-
mainAuth, and inspired by the widely-held view
that Google’s Toolbar PageRank employs a loga-
rithmic scale (Rogers, 2002; Page et al., 1999), we
apply logarithmic binning to the raw sitelink counts.
For a domain with a count range [Smin, Smax), We
map each count s to a score via:

score(s) = np.digitize(s, np.logspace(

10810 Smin; 10810 Smax, 11)) — 1. (1)

This process creates 10 log-equal-width inter-

vals, assigning each entity to a bin based on its

order-of-magnitude prominence rather than linear
differences in raw counts.

3.2.2 RAGAuth

To investigate whether a model can leverage author-
ity perception to achieve more reliable RAG, we
manually constructed the RAGAuth dataset by the
authors.

Query Curation. To enable accurate evaluation
of answer correctness, the dataset comprises 120
yes/no questions spanning topics such as current
affairs and medicine—domains susceptible to on-
line misinformation, where low-authority sources
may provide plausible but incorrect answers.
Document Curation. For each question, we cu-
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rated 10 web documents and their source URLs
retrieved via Bing search 2. We deliberately mix
high- and low-PageRank sources to construct a
hybrid setting, simulating the real-world web envi-
ronment.

3.3 Evaluation Setting
3.3.1 Authority Perception Evaluation

Listwise Evaluation (LE) Setting. Each instance
comprises N inputs. Each list is constructed by
sampling domains/entities to cover all authority
levels, i.e., one item from each level, thereby evalu-
ating authority ranking across multiple domains/en-
tities from both fine-grained and coarse-grained
perspectives. For LE, we use Spearman’s p (Spear-
man, 1961) and Kendall’s 7 (Kendall, 1938) as rank
correlation metrics.

Pairwise Evaluation (PE) Setting. Each instance
comprises two inputs, and the task is to determine
which source is more authoritative. To better as-
sess LLMs’ authority perception, we define two
difficulty regimes based on the absolute difference
in authority labels on the 10-point (0-9) scale: (1)
easy pairs, where the PageRank value difference
exceeds 5; and (2) hard pairs, where the PageRank
value difference is less than 2. For PE, we report
paired-preference accuracy as the performance met-
ric.

3.3.2 RAG Evaluation

To evaluate the impact on RAG, we employ vari-
ous criteria for selecting reference documents. For
RAGAuth, we adopt answer accuracy as the metric
to measure the quality of generated outputs.

3.4 Data Statistics

Table 7 in the Appendix summarizes the scale of all
three sub-benchmarks. As shown in Figures 3, both
DomainAuth and Entity Auth exhibit pronounced
long-tail authority distributions: the majority of do-
mains and entities cluster at low scores, while only
a small fraction attain high authority. The coarse-
grained (0—4) mapping for DomainAuth partially
alleviates this imbalance by merging adjacent lev-
els.

4 Experiments
4.1 Experimental Setup

Evaluated LLMs. We evaluate five representative
LLMs spanning different scales and model fami-
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lies: Qwen3-8B, Qwen3-14B, Qwen3-32B (Yang
et al., 2025), Llama-3-8B-Instruct, and Llama-3.1-
8B-Instruct (Grattafiori et al., 2024). To ensure a
fair comparison, the temperature is uniformly set to
0, and the thinking function is disabled for Qwen3.
Analyzed Method. We adopt three LLM-based
judging paradigms, corresponding to different in-
put formats:

(1) PointJudge. Assigns an absolute authority
score to each input. When applied to listwise and
pairwise evaluations, we induce rankings and pref-
erences by ordering items according to their scores.
(2) PairJudge. Given two inputs, PairJudge de-
cides which is more authoritative. We employ
two output modes: (i) PairRank (PR), which di-
rectly returns the preferred order of the pair; and
(i1) PointScore (S), which assigns an absolute au-
thority score to each input and ranks based on au-
thority score. For fine-grained (10-level) labels,
where exhaustive pairwise comparison is compu-
tationally expensive, we use an anchor-based ap-
proximation: for each list of 10 items, we ran-
domly select 5 anchors. Each non-anchor is com-
pared against all 5 anchors, and each anchor is
compared against the other 4 anchors. These
comparisons suffice to infer the complete rank-
ing. For coarse-grained (5-level) labels, we per-
form exhaustive pairwise comparisons. To con-
struct the final re-ranked list from PairJudge out-
puts upon the listwise evaluation setting, we con-
sider two methods: (1) AverageScore, which com-
putes the mean authority score for each item and
ranks by this average; and (2) BubbleSort, which
orders items using pairwise preferences. In Pair-
Rank, BubbleSort is applied directly to the pre-
dicted pairwise orderings. In PointScore, we evalu-
ate both AverageScore and BubbleSort. Across
datasets, AverageScore consistently outperforms
BubbleSort (see Tables 9, 10, 11 and 12 in Ap-
pendix F). The reason may be that AverageScore
is more robust to intransitive or locally inconsis-
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PointJudge ListJudge PairJudge

ListRank PointScore PairRank PointScore

Model Ctx p T p T p T p T p T
1.9B wlo 4197 3333 5401 41.54 67.11 52.44 1518 11.56 7135 56.33
Qwen3- w/ 4501 36.51 2024 1512 2929 2217 1138 848 6391 50.12
Quen3-14B wlo 7197 5637 72.02 57.05 73.09 57.95 7021 54.84 7343 58.33
wens- w/ 7273 57.55 58.18 4526 61.67 4846 6478 50.01 67.99 53.73
3.39B wlo 7372 5822 73.63 58.67 7441 59.38 72.10 56.66 75.28 60.13
Qwen3- w/  73.57 5840 55.85 4363 63.10 4997 6632 51.68 69.93 55.51
Llama.3.8B.Insruce WO 6387 4956 5753 44.09 66.08 5112 61.05 4648 64.83 49.93
ama-5>-ob-Instruc w/ 60.59 47.00 3430 26.05 2746 20.73 49.06 37.13 6497 50.08
Llama3.1.8BInstruet W0 6478 4991 5891 4530 6652 5153 63.82 49.12 6324 4873
ama->.1-eb-nstruct o, 5770 44.61 39.16 29.85 43.00 33.06 51.96 3931 62.88 48.48

Table 1: Results on DomainAuth (fine-grained, 10-level) reported as Spearman’s p (%) and Kendall’s 7 (%). Bold:

best; underline: second best, per LLM.

tent judgments than BubbleSort. Therefore, we
employ AverageScore for PointScore mode in the
main experiments.

(3) ListJudge. Given a list of inputs, produces a
ranking in descending order of authority. We sup-
port two output modes: (i) ListRank (LR): directly
ranking (outputting the re-ranked sequence), and
(ii) PointScore (S): the judge assigns an absolute
authority score to each item, and the final ranking
is obtained by sorting these scores.

Moreover, each judge is tested under two set-
tings: (i) without webpage text (w/o text) (relying
solely on the domain name) and (ii) with webpage
text (w/ text) (using the domain name together
with a text snippet from its corresponding web-
page). This allows us to analyze the influence of
textual evidence. All prompts are shown in Ap-
pendix A.

4.2 Results on DomainAuth

Table 1, Table 2, and Table 3 present the main re-
sults on DomainAuth under the fine-grained LE
setting, coarse-grained LE setting, and PE setting,
respectively. We can observe that: (1) For the LE
setting, ListJudge and PairJudge with PointScore
have better performance than other methods among
all LLMs. PairJudge with PointScore achieves the
best performance in most settings. Compared to
PointJudge, ListJudge, and PairJudge have more
interaction among other domains before giving the
absolute authority score. PointScore has better
performance than ListRank on all settings and all
LLMs. The reason may be that ListRank compels
the model to make fine-grained, relative distinc-
tions, producing sharper orderings—especially in
near-tie cases. By contrast, PointScore assigns in-
dependent scalar scores and then sorts them, which

lowers variance but smooths away subtle differ-
ences and weakens cross-item calibration. In short,
ListRank trades difficulty for discriminative power,
while PointScore favors stability at the cost of
missed fine-grained distinctions.

(2) Moreover, comparing the different LLMs on
correlation performance increases monotonically
with model size (8B < 14B < 32B) under all judges
and evaluation settings, indicating that authority
perception, as a nuanced dimension of world knowl-
edge, benefits from increased model capacity. We
also observe that Qwen3-8B frequently fails to fol-
low output format constraints—returning free-form
text instead of the required preference decision—
causing parsing failures that substantially hurt its
performance. Particularly under the PairJudge-
PairRank setting, it performs considerably worse
than same-sized models (Tables 1 & 2), which we
attribute to its lack of instruction tuning.

(3) For the impact of textual information, adding
text generally improves or maintains performance
on all settings for PointJudge, while bringing a per-
formance drop on most settings for ListJudge and
PairJudge, especially under the LE setting. The
reasoning may be that authority is not equivalent
to textual style, fluency, or narrative richness. In
PairJudge/ListJudge, concatenating multiple texts
multiplies length and heterogeneity, diluting at-
tention and shifting the model toward surface fea-
tures rather than authority. However, on hard-pairs
(small authority gap) under the PE setting, adding
text substantially improves accuracy. This indicates
that textual content can serve as a valuable compen-
satory signal precisely when structural authority
cues are ambiguous. Moreover, the PointJudge has
the worst performance. The reasoning may be that
PointJudge tends to be concentrated, as shown in



PointJudge ListJudge PairJudge

ListRank PointScore PairRank PointScore

Model Ctx p T p T p T p T p T
Qwen3-8B wlo 5729 49.86 65.60 5552 67.58 57.47 1334 10.69 7090 60.22
w w/  54.89 4735 27.81 2288 4473 3745 873 7.08 64.84 54.83
Quen3-14B wlo 67.11 55.82 71.58 60.87 7240 61.85 65.65 54.65 73.16 62.53
wens- w/ 6845 57.72 63.01 5328 6220 52.84 6830 57.77 6655 56.64
3.39B wlo 7040 5930 73.92 63.35 7349 63.04 7288 62.10 7552 65.23
Qwen3- w/ 7040 59.87 59.74 50.71 63.31 5440 69.82 59.38 66.55 56.64
Llama.3.8B.Inscuce W0 6254 5199 5534 4556 6126 5098 5509 44.64 6430 53.66
ama-5>-ob-Instruc w/ 5876 49.15 40.84 33.52 39.41 3259 52.04 42.64 56.07 47.17
Llama3.1.8BInstruet W0 6273 5199 5330 43.84 6352 5296 64.26 5329 6384 53.32
ama->.1-eb-nstruct o/ 5658 46.92 47.02 38.69 4524 37.87 57.08 4691 58.69 49.45

Table 2: Results on DomainAuth (coarse-grained, 5-level) reported as Spearman’s p (%) and Kendall’s 7 (%). Bold:

best; underline: second best, per model.

Model PairJudge(PR) PairJudge(S) PointJudge
wioctx w/ctx wloctx w/ctx  wloctx  w/ctx
Qwen3-8B Easy 44.28 21.40 83.92 67.34 56.88 77.02
Hard 14.96 16.20 14.46 18.72 31.36 54.18
Qwen3-14B Easy 99.76 95.62 97.02 91.94 98.52 99.38
N Hard  51.94 84.18 40.24 76.64 39.68 75.50
Q 3-32B Easy 99.42 95.20 98.68 94.74 98.54 99.54
wens-s Hard 3732 7298 3564 7512 3638 7284
Llama-3-8B Easy 98.72 81.52 96.32 90.98 92.76 90.60
- Hard 32.00 63.90 36.68 74.50 23.82 55.96
Llama-3.1-8B Easy 97.92 85.26 95.66 92.94 96.68 86.80
. Hard 23.56 65.02 34.72 81.56 22.86 51.74

Table 3: Pairwise accuracy (%) on easy vs. hard pairs
on DomainAuth. Bold: best; underline: second best,
per LLM per difficulty level.

Appendix E.

4.3 Results on EntityAuth

Table 4 and Table 6 (in the Appendix B) show the
performance of different methods on Entity Auth
benchmark and using fine- and coarse-labels, re-
spectively. From the tables, we can find that: (1)
The ListJudge and PairJudge methods, when com-
bined with PointScore, perform better than other
methods and exhibit similar performance trends.
Moreover, the cross-LLMs patterns on Entity Auth
largely mirror those observed on DomainAuth. (2)
Performance varies considerably across the three
domains. LLMs achieve notably stronger and more
consistent results on Basketball and Movies com-
pared to Songs. The Basketball and Movies in
Wikipedia links have roughly five times as many
links as Songs. So, the performance difference may
stem from differences in the volume of domains
in the pre-training data of LLMs. (3) Compared
to the performance on DomainAuth benchmark
in Table 1& 2, LLMs generally exhibit stronger
and more consistent authority perception on En-
tityAuth compared to DomainAuth, particularly in
the Basketball and Movies domains. For instance,
Qwen3-32B achieves a Spearman’s p of 0.8594 on
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Figure 4: Authority-aware RAG pipeline: retrieved doc-
uments are LLM-scored; top-k go to the generator. Fil-
tering signals: (a) w/o Filter; (b) Relevance Filter;
(c) Utility Filter; (d) Authority Filter (source URL
only; no document content). All prompts in this section
are provided in Appendix A.

A

Basketball, higher than its best score of 0.7528 on
DomainAuth. This performance difference can be
attributed to the nature of the authority signal: en-
tity authority is often more concrete, objective, and
well-documented in structured formats (e.g., player
statistics, filmographies) within the training data,
making it an easier concept for models to grasp
compared to the more abstract notion of website
authority.

4.4 Authority-Aware RAG

To evaluate the impact of authority-awareness on
RAG, we compare several document filtering strate-
gies on our proposed RAGAuth. All strategies
follow a unified pipeline: first, LLMs re-rank N
documents based on different criteria; then, the
top-k documents are passed to the final answer gen-
eration. While our findings indicate that PairJudge-
PointScore generally achieves the best performance



PointJudge ListJudge PairJudge
ListRank PointScore PairRank PointScore
Domain Model p T p T p T p T p T
= Qwen3-8B 7493 61.26 6538 5493 7253 5932 8129 68.07 86.70 73.90
= Qwen3-14B 80.26 66.10 69.37 6094 76.42 6529 85.09 7197 85.89 73.07
E Qwen3-32B 85.17 7098 6422 5753 7533 6496 8225 69.22 85.94 73.66
s Llama-3-8B-Instruct ~ 76.00 67.33 5991 49.13 75.54 6594 83.54 70.66 88.90 77.07
-] Llama-3.1-8B-Instruct 82.55 70.94 59.38 50.22 76.00 64.90 79.90 66.10 8743 7645
Qwen3-8B 81.25 66.02 7830 6391 8240 67.22 61.33 47.18 87.87 75.20
g Qwen3-14B 78.62 62.77 87.70 74.62 85.12 70.74 86.19 7275 88.60 75.94
z Qwen3-32B 8530 70.69 87.76 74.77 87.67 74.60 83.27 69.16 89.56 77.40
s Llama-3-8B-Instruct 7824 62.77 75.06 60.60 84.91 71.50 79.04 64.74 83.24 69.66
Llama-3.1-8B-Instruct 81.33 66.37 80.69 66.28 84.38 71.11 70.00 5542 82.72 69.32
Qwen3-8B 46.56 3496 3478 25.87 4271 31.84 1057 7.78 44.58 33.52
% Qwen3-14B 47.19 3531 51.75 38.64 49.02 36.64 47.62 3552 50.54 37.75
£ Qwen3-32B 4972 37.10 51.83 38.64 53.24 39.84 3992 29.68 51.66 38.78
25 Llama-3-8B-Instruct 4992 3746 4598 3428 5238 39.11 2562 1890 48.33 3595
Llama-3.1-8B-Instruct 42.63 32.03 49.69 37.16 49.59 37.15 40.27 29.86 46.76 34.84

Table 4: Results on EntityAuth (fine-grained, 10-level, w/o text) across three domains reported as Spearman’s p (%)
and Kendall’s 7 (%). Bold: best; underline: second best, per LLM per domain.

in discerning authority, its high computational cost
makes it impractical for real-time RAG applica-
tions. ListJudge, which scores all documents in a
single pass, offers a more cost-effective trade-off.
For a fair comparison across criteria, all strategies
use ListJudge inputs and the PointScore protocol
to rank all documents, as shown in Figure 4:

* Baseline RAG: No filtering is applied.

¢ Relevance Filter: The document is scored based
on its relevance to the query.

« Utility Filter: Following Zhang et al. (2024b),
the document is scored based on its utility for
answering the question. The model is first
prompted to generate a pseudo-answer from the
document list, and then scores each document
based on its utility in answering the question.

* Authority Filter: Score each document based
on the perceived authority of its source using the
ListJudge-PointScore method, without consider-
ing the query content.

RAG Performance. As shown in Table 5, we
can find that: (1) All models demonstrate perfor-
mance improvement when incorporating filtering
methods based on different criteria. (2) Incorporat-
ing authority signals during filtering has the best
RAG performance improvement across all strate-
gies. This underscores the central role of source
authority in enhancing answer accuracy and reduc-
ing susceptibility to low-credibility evidence.

5 Conclusion

In this work, we introduced AuthorityBench, a
comprehensive benchmark designed to evaluate
the authority perception capabilities of LLMs.

Model k Relevance  Utility = Authority
— w/o Filter: 53.33
Qwen3 1 48.33 51.67 66.67
-8B 3 51.67 58.33 69.16
5 51.67 58.33 69.16
- w/o Filter: 58.33
Qwen3 1 51.67 60.00 76.67
-14B 3 45.00 66.67 75.00
5 45.00 66.67 73.33
- w/o Filter: 55.00
Qwen3 1 63.33 65.00 70.00
-32B 3 58.33 63.33 68.33
5 60.00 60.00 70.00
- w/o Filter: 50.83
Llama 1 37.50 49.17 64.17
-3-8B 3 41.67 52.50 64.17
5 41.67 52.50 64.17
- w/o Filter: 57.50
Llama 1 42.50 51.67 63.34
-3.1-8B 3 55.00 48.33 71.76
5 55.00 48.33 71.76

Table 5: Answer accuracy (%) on RAGAuth across
four models under different filtering strategies and top-
k settings (k € {1,3,5}). Bold: best per LLM per k.

Through extensive experiments on our three
datasets, DomainAuth, EntityAuth, and RAGAuth,
our key findings are as follows: (1) ListJudge and
PairJudge have the strongest performance com-
pared to other methods. Moreover, the optimal
method for eliciting authority judgments is context-
dependent. (2) Finally, we demonstrated the practi-
cal value of authority perception in a downstream
RAG task, where authority-aware filtering achieved
the best answer accuracy compared to other meth-
ods. Our work provides a comprehensive bench-
mark for understanding and harnessing the author-
ity perception of LLMs, a crucial step towards
building more reliable and trustworthy Al systems.



6 Limitations

Our study has several limitations that offer avenues
for future research. First is our reliance on PageR-
ank as the primary ground truth for domain author-
ity. While PageRank is a well-established, objec-
tive, and scalable proxy for authority based on the
web’s link structure, it is not without its flaws. It
can be slow to adapt to the rise of new authorita-
tive sources and may not fully capture the nuanced,
topic-specific authority that a human expert might
perceive. For instance, a niche but highly respected
academic blog might have a lower PageRank than
a mainstream news aggregator, yet be more authori-
tative on its specific topic. Moreover, certain highly
authoritative official websites may receive dispro-
portionately low PageRank scores due to sparse
inbound links. We analyze this issue in detail in
Appendix E. Future work can address this gap by
integrating more dynamic, context-aware, or topic-
specific authority metrics into the evaluation frame-
work. Second, the scale of our RAGAuth dataset is
modest due to the manual cost. While the 120 ques-
tions are sufficient to demonstrate the potential of
authority-aware filtering, a larger and more diverse
set of questions and documents would be needed
to draw more robust conclusions about its general
applicability and to analyze the performance on
different types of questions.

7 Ethics Statement

In our work, the data and models we use are pub-
licly available. We have transformed the original
datasets to construct our AuthorityBench. Both the
queries and documents for the RAGAuth are ob-
tained from public web pages collected by authors
and do not contain personal or sensitive informa-
tion. To advance the community, we will release
the benchmark we constructed along with the ex-
perimental code.
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A Prompts

Prompts for DomainAuth

You are a web analysis expert. Please score the
source authority of the given domain based on the fol-
lowing criteria, with a rating range of 0 to 9.

Source authority refers to the credibility, profession-
alism, official certification, or public recognition of the
domain itself.

DOMAIN: [Domain name]

Based on the above criteria, rate the source authority
of this DOMAIN (0-9 points).

Output only: {"score": X} where X is your evalu-
ated score (0, 1, 2, 3,4,5,6,7,8,or9). Do not add any
explanation.

Your answer:

A. DomainAuth / PointJudge (w/o text)

You are a web analysis expert. Please score the
source authority of the given domain based on the fol-
lowing criteria, with a rating range of 0 to 9.

Source authority refers to the credibility, profession-
alism, official certification, or public recognition of the
domain itself.

DOMAIN: [Domain name]
Webpage Text: [Webpage Text]

Based on the domain name, their web content and
the above criteria, rate the source authority of this DO-
MAIN (0-9 points).

Output only: {"score": X} where X is your evalu-
ated score (0, 1,2, 3,4,5,6,7, 8, or9). Do not add any
explanation.

Your answer:

B. DomainAuth / PointJudge (w/ text)

C. DomainAuth / PairJudge-PairRank (w/o text)

You are a web analysis expert. Please determine
which of the two given domains is more authoritative as
an information source based on the following criteria.

Source authority refers to the credibility, profession-
alism, official certification, or public recognition of the
domain itself.

Consider both domains together when making the
comparison.

DOMAINS:
Domain A: [Domain_A]
Domain B: [Domain_B]

Which domain is more authoritative? Only return
‘A’ or ‘B’. Do not add any explanation.

Your answer:
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D. DomainAuth / PairJudge-PairRank (w/ text)

You are a web analysis expert. Please determine
which of the two given domains is more authoritative as
an information source based on the following criteria.

Source authority refers to the credibility, profession-
alism, official certification, or public recognition of the
domain itself and its content.

Consider both domains and their contents together
when making the comparison.

DOMAINS & CONTENTS:
Domain A: [Domain A]
Content A: [Text A]
Domain B: [Domain B]
Content B: [Text B]

Which domain is more authoritative? Only return
‘A’ or ‘B’. Do not add any explanation.

Your answer:

E. DomainAuth / PairJudge-PointScore

You are a web analysis expert. Please score the
source authority of each of the two given domains based
on the following criteria, with a rating range of 0 to 9.

Source authority refers to the credibility, profession-
alism, official certification, or public recognition of the
domain itself.

Consider both domains together when assigning
scores to ensure consistency.

DOMAINS:
Domain A: [Domain A]
Domain B: [Domain B]

Your output MUST be a single, valid JSON object
in the format: {"A": X, "B": X}, where each X is an
integer score from 0 to 9.

Example format: {"A": 7, "B": 4}. Do not add any
explanation.

Your answer:




You are a web analysis expert that can rank domains
based on their authority.

I will provide you with 10 domains and their web
contents, each indicated by a numerical identifier [].
Please rank the domains in the provided list based on
the following criteria.

Source authority refers to the credibility, profession-
alism, official certification, or public recognition of the
domain itself.

DOMAINS:
[0] [Domains_0]: [Text_0]
[1] [Domains_1]: [Text_1]

Rank the 10 domains above based on their authority
(highest to lowest). All the domains should be included
and listed using identifiers, in descending order of au-
thority.

The output format should be [] > [], e.g., [4] > [O].

Only respond with the ranking results. Do not add
any explanation.

Your answer:

F. DomainAuth / ListJudge-ListRank (w/ text)

You are a web analysis expert. Please score the
source authority of each domain in the provided list
based on the following criteria, with a rating range of 0
to 9.

Source authority refers to the credibility, profession-
alism, official certification, or public recognition of the
domain itself.

Consider all domains together when assigning
scores to ensure consistency and relative calibration.

DOMAINS:
[0] [Domains_0]: [Text_0]
[1] [Domains_1]: [Text_1]

Your output MUST be a single, valid JSON object.
The JSON object must map each domain’s numerical
identifier (as a string) to its integer score (0-9).

Example format: {"0": 7, "1": 4, ..., "9": 8}. Do not
add any explanation.

Your answer:

G. DomainAuth / ListJudge-PointScore(w/o text)
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Prompts for EntityAuth

H. EntityAuth / PointJudge

You are a Wikipedia notability expert and a music
industry expert. Please score the authority of the given
song entity based on the following criteria, with a rating
range of 0 to 9.

Entity authority refers to the public recognition,
fame, historical significance, or widespread knowledge
of the entity (person, place, organization, etc.).

QUESTION CONTEXT: [Question]
TARGET ENTITY: [Question_entity]

Based on the question context and the above criteria,
rate the authority of this ENTITY (0-9 points).

Output only: {"score": X} where X is your evalu-
ated score (0, 1,2, 3,4,5,6,7,8,0r9). Do not add any
explanation.

Your answer:

I. EntityAuth / PairJudge-PairRank

You are a Wikipedia notability expert and a music in-
dustry expert. Please determine which of the two given
entities is more authoritative based on the following
criteria.

Entity authority refers to the public recognition,
fame, historical significance, or widespread knowledge
of the entity (person, place, organization, etc.).

Consider both entities together when assigning
scores to ensure consistency.

QUESTION CONTEXT: These entities are the
subjects of questions like “Who is the performer of the
song ...

TARGET ENTITIES:
Entity A: “[Entity_A]”
Entity B: “[Entity_B]”

Which entity is more authoritative? Only return ‘A’
or ‘B’. Do not add any explanation.

Your answer:




You are a Wikipedia notability expert and a music in-
dustry expert. Please score the entity authority of each
of the two given song entities based on the following
criteria, with a rating range of 0 to 9.

Entity authority refers to the public recognition,
fame, historical significance, or widespread knowledge
of the entity (person, place, organization, etc.).

Consider both entities together when assigning
scores to ensure consistency.

QUESTION CONTEXT: These entities are the
subjects of questions like “Who is the performer of the
song...’

TARGET ENTITIES:

Entity A: “[Entity_A]”
Entity B: “[Entity_B]”

Your output MUST be a single, valid JSON object
in the format: {"A": X, "B": Y}, where X and Y are
integer scores from 0 to 9.

Example format: {"A": 7, "B": 4}. Do not add any
explanation.

Your answer:

J. EntityAuth / PairJudge-PointScore

You are a Wikipedia notability expert and a music
industry expert. I will provide you with 10 song enti-
ties, each indicated by a numerical identifier []. Please
rank the song entities in the provided list based on the
following criteria.

Entity authority refers to the public recognition,
fame, historical significance, or widespread knowledge
of the entity (person, place, organization, etc.).

Consider all entities together when assigning scores
to ensure consistency and relative calibration.

QUESTION CONTEXT: These entities are the
subjects of questions like ‘“Who is the performer of the
song...

TARGET ENTITIES:

[0] [Question_entity_0]
[1] [Question_entity_1]

Rank the 10 song entities above based on their au-
thority (highest to lowest). All the song entities should
be included and listed using identifiers, in descending
order of authority.

The output format should be [] > [], e.g., [4] > [0].
Only respond with the ranking results, do not add
any explanation.

Your answer:

K. EntityAuth / ListJudge-ListRank
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L. EntityAuth / ListJudge-PointScore

You are a Wikipedia notability expert and a music in-
dustry expert. Please score the entity authority of each
song entity in the provided list based on the following
criteria, with a rating range of 0 to 9.

Entity authority refers to the public recognition,
fame, historical significance, or widespread knowledge
of the entity (person, place, organization, etc.).

Consider all entities together when assigning scores
to ensure consistency and relative calibration.

QUESTION CONTEXT: These entities are the
subjects of questions like “Who is the performer of the
song...”

TARGET ENTITIES:

[0] [Question_entity_0]
[1] [Question_entity_1]

Your output MUST be a single, valid JSON object.
The JSON object must map each entity’s numerical
identifier (as a string) to its integer score (0-9).

Example format: {"0": 7, "1": 4, ..., "9": 8}. Do not
add any explanation.

Your answer:

Prompts for RAGAuth

Strategy a: w/o Filter / Generate Final Answer

You are given a question and several pieces of doc-
uments. Your task is to analyze the documents and
provide a concise answer to the question based solely
on the provided reference documents.

Question: [Question]

Reference Documents:
Document [0]
Source URL: [URL]
Content: [Doc_text]

Please answer with ONLY ‘yes’ or ‘no’ based on
the documents above. Do not add any explanation.

Your answer:




Strategy b: Relevance Filter — Scoring Prompt

You are a web analysis expert. Please score the rele-
vance of each document to the question with a rating
range of 0 to 9, where 0 is the lowest and 9 is the high-
est.

Consider all documents together when assigning scores
to ensure consistency and relative calibration.

QUESTION: [Question]
DOCUMENTS:

[0] [URL]: [Doc_text]
[1] [URL]: [Doc_text]

Your output MUST be a single, valid JSON object.
The JSON object must map each document’s numerical
identifier (as a string) to its integer score (0-9).
Example format: {"0": 7, "1": 4, ..., "9": 8}. Do not
add any explanation.

Your answer:

Strategy c: Utility Filter — Scoring Prompt

You are a web analysis expert. Please score the util-
ity of each document in answering the question based
on the following criteria, with a rating range of 0 to 9,
where 0 is the lowest and 9 is the highest.

The passage has utility in answering the question, mean-
ing that the passage not only is relevant to the question,
but also is useful in generating a correct, reasonable,
and perfect answer to the question.

Consider all documents together when assigning scores
to ensure consistency and relative calibration.

QUESTION: [Question]
DOCUMENTS:

[0]: [URL]: [Doc_text]
[1]: [URL]: [Doc_text]

Step 1: Generate a pseudo-answer to the question
based on all the documents.

Step 2: Based on the pseudo-answers, rate each
document’s utility in answering the question on a scale
of 0to 9.

Your output MUST be a single, valid JSON object
with two keys:

¢ "answers": maps each document’s numerical
identifier (as a string) to its pseudo-answer

* "scores”: maps each document’s numerical
identifier (as a string) to its integer score (0-9)

"

Example format: {"answers": {"0": "..", "1": "...",
...}, "scores": {"0": 7,"1": 4, ...}}. Do not add any
explanation.

Your answer:
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"qid": "MED_EN_ee1",

"question": "Can vitamin D effectively prevent heart disease and cancer?",

"question_type": "yes_no",

"language": "en",

"ground_truth": "No",

"documents": [

{

"docid": "doc_ee1l",

"url": ttps://www.cncbd.org.cn/News/Detail/8157",

"domain": "cncbd.org.cn",

"PageRank": @,
"doc_text": "...",
"authority": "low"

1
}

Figure 5: An example from the RAGAuth dataset. Each
instance includes a yes/no question, the ground-truth
answer, and a list of 10 retrieved documents with their
source URL, domain, PageRank score, and text snippet.
The task is to generate a correct answer based on this
information.

Strategy d: Authority Filter — Scoring Prompt

You are a web analysis expert. Please score the
source authority of each source URL in the provided
list based on the following criteria, with a rating range
of 0 to 9, where 0 is the lowest and 9 is the highest.
Source authority refers to the credibility, professional-
ism, official certification, or public recognition of the
domain itself and its content. Consider all URLs to-
gether when assigning scores to ensure consistency and
relative calibration.

SOURCES:
[0]: [URL]
[1]: [URL]

Your output MUST be a single, valid JSON object.
The JSON object must map each domain’s numerical
identifier (as a string) to its integer score (0-9). Exam-
ple format: {"0": 7, "1": 4, ..., "9": 8}. Do not add any
explanation.

Your answer:

B Coarse-Grained Results

This section shows the results of EntityAuth under
coarse-grained, as shown in Table 6.

C An Example from RAGAuth Dataset

Figure 5 shows an example from RAGAuth dataset.

D Benchmark Statistics

Table 7 shows the statistics details of Authority-
Bench.

E Analysis of Scoring Bias

In this section, we analyze the overall scoring be-
havior of the PointJudge method and its discrepan-



PointJudge ListJudge PairJudge
ListRank PointScore PairRank PointScore
Domain Model p T p T p T p T p T
— Qwen3-8B 70.97 60.04 50.60 4477 66.64 56.60 29.52 2573 84.19 74.97
s Qwen3-14B 78.08 67.70 70.10 6493 7152 63.60 86.50 78.39 83.80 75.04
E Qwen3-32B 79.67 68.93 6253 60.06 73.39 6596 84.76 76.81 83.94 76.22
3 Llama-3-8B-Instruct 73.76  67.14 6538 58.05 68.86 6250 8391 76.56 87.46 80.23
= Llama-3.1-8B-Instruct 78.28 69.31 57.09 51.54 76.34 6821 7853 70.60 86.52 7791
Qwen3-8B 66.25 55.08 51.61 4530 7194 60.96 4832 4090 86.75 78.75
8 Qwen3-14B 75.17 6349 88.56 80.64 82.07 71.12 89.03 81.72 88.77 80.89
'E Qwen3-32B 7649 65.26 8842 80.66 8431 74.11 8590 77.85 90.27 83.40
= Llama-3-8B-Instruct 76.49 6526 7577 65.11 76.22 65.80 80.84 71.60 87.42 79.68
Llama-3.1-8B-Instruct 58.45 48.15 7830 68.03 80.09 69.60 6735 57.21 80.84 71.07
Qwen3-8B 42.51 3434 2380 1945 30.11 2432 2458 1993 41.01 33.40
o Qwen3-14B 45.67 37.09 51.76 4234 47.28 3839 48.89 3992 50.77 41.40
5 Qwen3-32B 4771 38.80 52.25 42.79 50.50 41.07 39.60 3223 5142 42.16
© Llama-3-8B-Instruct 4841 39.85 4527 36.88 43.74 3551 4020 3271 49.65 40.55
Llama-3.1-8B-Instruct 40.46 32.83 4536 36.97 46.09 37.75 19.50 15.64 48.41 39.54

Table 6: Results on EntityAuth (coarse-grained, S-level, w/o text) across three domains reported as Spearman’s p
and Kendall’s 7 (%). Bold: best; underline: second best, per model per domain.

Sub-task Domain Authority Proxy Score Scale Corpus Listwise (N=5/10)" Pairwise (Hard/Easy):t
DomainAuth Web Domains PageRank 0-9/0-4 10,000 4.5k / 4.5k 5k / 5k
Basketball 10,000 —/4.5k -
EntityAuth ~ Movies Sitelinks 0-9 10,000 —/4.5k -
Songs 2,000 —/4.5k -
Medical
RAGAuth Science - N/A 120 Queries 10 docs/query

Current Affairs

Table 7: Overview of the AuthorityBench. Corpus is the number of unique items. TListwise instances are split
between N=5 and N=10 formats. *Pairwise instances are split between hard (0 < APageRank<2) and easy
(APageRank>5) pairs. EntityAuth uses only N=10 lists and does not include a Pairwise setting. For RAGAuth,
each query is paired with 10 retrieved webpage documents.

cies against the ground-truth authority proxy. Fig-
ure 6 illustrates the bias in the average predicted
score for each true authority score (0-9) on Do-
mainAuth. A consistent trend is observed across
all models: they tend to overestimate the authority
of low-authority sources while underestimating that
of high-authority sources to a milder degree. Such a
“regression to the mean” phenomenon reveals that,
although PointJudge achieves competitive ranking
performance, there still exist noticeable discrep-
ancies between its predicted scores and the true
authority proxy.

To further investigate this bias, we perform a fine-
grained analysis on three typical domain categories:
government (. gov), education (.edu), and social
media. Table 8 reports the mean scoring bias for
each category
Effective Identification of .gov/.edu Authority.
Across all models, government and education do-
mains consistently receive high authority scores
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Table 8: Mean predicted score and scoring bias across
three domain categories. Bias = avg. (predicted — true
PageRank). True means: Gov 5.68 (N=378); Edu 5.64
(IN=160); Social 6.00 (N=34).

.gov .edu Social
Model Ctx. Pred Bias Pred Bias Pred Bias
Qwen3-14B w/o 8.97 +3.28 8.84 +3.20 8.44 +2.44
w/ 839 +2.70 8.25 +2.61 7.59 +1.59
Qwen3-32B w/o 892 +3.24 8.02 +2.38 7.68 +1.68
w/ 825 +2.57 726 +1.62 6.79 +0.79
Llama-3-8B w/o 8.20 +2.52 7.66 +2.02 6.74 +0.74
w/ 793 +2.25 7.39 +1.75 594 —0.06
wlo 8.71 +3.03 8.03 +2.39 7.53 +1.53
Llama-3.1-88 - 0" 09 4241 7.74 +2.10 579 —021

(often in the 8-9 range), leading to notable posi-
tive divergence from their PageRank values (e.g.,
Qwen3-14B yields a mean divergence of +3.28
for .gov and +3.20 for .edu). As registration of
.gov and . edu domains is strictly restricted to offi-
cial government and educational entities, . gov and
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Figure 6: Heatmap of prediction bias (predicted - true
score) on DomainAuth for the Pointwise-Judge. Red

cells indicate overestimation, while blue cells indicate

underestimation. Most models tend to overestimate

low-authority sources and underestimate high-authority
ones.
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(w text)

~
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.edu can be regarded as inherently high-authority
TLDs. The models’ high scoring for such domains
thus reflects accurate authority judgment. This
divergence further reflects a critical limitation of
PageRank as an authority proxy: it fails to capture
intrinsic authority unaccompanied by a dense hy-
perlink structure. For instance, a local government
website may have low PageRank due to insufficient
external links, yet remains the definitive authority
within its domain.
Overestimation Bias on Social Media Domains.
For social media platforms, the degree of overes-
timation varies substantially across models, rang-
ing from +0.74 (Llama-3-8B, w/o text) to +2.44
(Qwen3-14B, w/o text). Notably, incorporating
webpage text mitigates the overestimation of do-
main authority for most models: Llama-3.1-8B’s
bias drops from +1.53 to —0.21, and Llama-3-8B
achieves near-zero bias (—0.06) with webpage text,
likely because the content itself is not authoritative.
Despite basic security measures offered by ma-
ture commercial operators, social media domains
are inherently low-authority sources. As open
platforms hosting user-generated content (UGC)
from heterogeneous and unvetted publishers with-
out mandatory fact-checking or official verification
mechanisms, they lack institutional authority by
nature. The overestimation without webpage text
appears driven by brand recognition—well-known
platforms such as jianshu.com and spotify.com
(both with PageRank=0 in our dataset) receive high
scores because the models associate these brand
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Table 9: PairJudge ranking derivation methods on Do-
mainAuth (fine-grained). Spearman’s p (%). Bold: best;
underline: second best, per row.

Model Ctx. PairRank PointScoreg, PointScorep;
wlo  44.19 64.61 71.35
Qwen3-8B )" 5305 61.83 63.91
wlo 7021 69.36 73.43
Qwen3-14B 0" 6478 64.65 67.99
wlo  72.10 72.52 75.28
Qwen3-32B 0" 66.32 67.26 69.93
wlo 6105 59.70 64.83
Llama-3-8B 0" 4506 59.75 64.97
wlo  63.82 60.17 6324
Llama-3.1-8B 0" 5196 60.01 62.88

Table 10: PairJudge ranking derivation methods on Do-
mainAuth (coarse-grained). Spearman’s p (%). Bold:
best; underline: second best, per row.

Model Ctx. PairRank PointScoreg, PointScorep;
wio 1334 6471 70.90
Qwen3-8B 0" g73 63.12 64.84
wlo  65.65 71.73 73.16
Qwen3-14B 0" 68.30 6521 66.55
wlo  72.88 74.72 75.52
Qwen3-32B 07 6982 6521 66.55
wlo  55.09 61.25 64.30
Llama-3-8B 0% 5504 54.92 56.07
wlo  63.84 61.23 64.26
Llama-3.1-8B 0" 57708 58.12 58.69

names with popularity, overriding the structural au-
thority signal. This suggests a practical implication:
when deploying PointJudge on social media con-
tent without access to page text, applying a slightly
higher filtering threshold can help counteract this
systematic overestimation.

Case Study: Qwen3-32B PointJudge Scoring (w/o
text)

Limitation of PageRank for Official Domains

Local government and educational sites receive low

PageRank due to sparse inbound links, yet the model

correctly recognizes their institutional authority:

* xjedu.gov.cn (Xinjiang Edu. Dept.): PageRank 2
— Pred 9 (+7)

* bnuz.edu.cn (BNU Zhuhai Campus): PageRank 3
— Pred 8 (+5)

Overestimation on Social Media
Well-known social media platforms are overestimated
due to brand recognition, despite being inherently low-
authority open platforms:
e zhihu.com (Zhihu): PageRank 6 — Pred 8 (+2)
e tieba.com (Baidu Tieba): PageRank(O — Pred 6
(+6)




Table 11: PairJudge ranking derivation methods on En- Tables 9, 10, 11 and 12 present the results across
tityAuth (fine-grained). Spearman’s p (%). Bold: best; 1] gatasets. The point-based PointScore method
underline: second best, per row. . .

e consistently outperforms the other two, especially

Domain Model PairRank PointScoregy PointScorer: o pairRank bubble sort. This is because averag-
= Qwen3-8B 81.29 83.28 86.67  ing scores is more robust to the transitivity errors
= Qwen3-14B 85.09 82.16 85.89 h ise f isolated. i . .
E Qwen3-32B 82.25 82.77 85.94 that can arise from 1solated, inconsistent pairwise
4 Llama-3-8B 83.54 87.14 88.90  judgments, thus providing a more stable and reli-
M Llama-3.1-8B  79.29 84.59 87.43 able final ranking.

Qwen3-8B 61.33 81.51 87.87
3 Qwen3-14B 86.19 86.45 88.60
5 Qwen3-32B 8327 87.02 89.56
> Llama-3-8B 79.04 82.19 83.24

Llama-3.1-8B  70.00 81.00 82.72

Qwen3-8B 10.57 37.06 44.58
% Qwen3-14B 47.62 48.04 50.54
5 Qwen3-32B 39.92 49.88 51.66
2 Llama-3-8B 25.62 46.49 48.33

Llama-3.1-8B  40.27 45.87 46.76

Table 12: PairJudge ranking derivation methods on En-
tityAuth (coarse-grained). Spearman’s p (%). Bold:
best; underline: second best, per row.

Domain Model PairRank PointScoreg;, PointScorep;
= Qwen3-8B 29.52 83.50 84.19
= Qwen3-14B 86.50 82.84 83.80
E Qwen3-32B 84.76 84.21 83.94
[ Llama-3-8B 83.91 86.92 87.46
M Llama-3.1-8B  78.53 85.83 86.52
Qwen3-8B 48.32 65.22 86.75
@ Qwen3-14B 89.03 88.66 88.77
'E Qwen3-32B 85.90 90.15 90.27
= Llama-3-8B 80.84 87.04 87.42
Llama-3.1-8B  67.35 77.78 80.84
Qwen3-8B 24.58 41.01 39.27
% Qwen3-14B 48.89 49.14 50.77
5 Qwen3-32B 39.60 51.22 51.42
»n Llama-3-8B 40.20 49.58 49.65
Llama-3.1-8B  19.50 46.32 48.41
F Comparison of PairJudge Ranking

Derivation Methods

To validate our choice of ranking derivation method
for PairJudge, we compare three distinct ap-
proaches for converting pairwise judgments into a
listwise ranking:

* PairRank (Bubble Sort): Applies bubble sort
directly to the binary outcomes (A > B or B > A)
of pairwise comparisons.

¢ PointScore (Bubble Sort): First elicits a score
for each item in a pair (e.g., A:7, B:4), then ap-
plies bubble sort based on which item received
the higher score in each comparison.

¢ PointScore (Point-based): Ranks items based
on their average score received across all com-
parisons. This is the method we refer to as
PointScore in the main paper.
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