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Abstract

Large language models (LLMs) often produce
incorrect answers with high confidence, yet the
factors associated with such overconfidence
remain insufficiently understood. We study
this problem through the lens of knowledge
popularity. Using entity-centric factual QA
derived from Wikidata triplets, we characterize
popularity through question entity popularity,
answer popularity, and question—answer
co-occurrence. We find two consistent patterns.
First, hallucinated answers are far from
random: compared with ground-truth answers,
they tend to be more popular or more frequently
associated with the question entity. Second,
confidence is strongly tied to the popularity
of generated answers: even among incorrect
predictions, more popular answers or those
with higher question—answer co-occurrence
receive higher confidence. Together, these
findings suggest that popular but wrong alter-
natives may contribute to overconfidence. We
further show that popularity-related signals can
mitigate overconfidence and improve overall
confidence estimation. Across six models
and three datasets, incorporating knowledge
popularity reduces average confidence on
incorrect answers from 0.765 to 0.254 and
overall ECE from 0.356 to 0.050, while
improving Alignment from 77.08% to 83.72%.

1 Introduction

A trustworthy model should be well calibrated: its
confidence in an answer, measured by the genera-
tion probability assigned to that answer, should re-
flect the likelihood that the answer is correct. How-
ever, large language models (LLMs) have been
shown to be overconfident, often assigning high
confidence to incorrect answers (Jiang et al., 2021;
Xiong et al., 2023; Ni et al., 2024a; Yang et al.,
2023). Such miscalibrated confidence poses sig-
nificant risks, especially in safety-critical domains
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Figure 1: An example where the model generates an
incorrect answer that is more popular than the correct
answer, while assigning it high confidence.

such as healthcare and finance. Despite extensive
evidence of LLM overconfidence, why incorrect
answers can receive high confidence remains insuf-
ficiently understood.

Overconfidence can be viewed as a mismatch
between the correctness of a generated answer
and the confidence assigned to it. We suspect that
one source of this mismatch lies in the frequency
structure of the knowledge learned by LLMs.
Repeated exposure to an entity may make it more
likely to be generated, but such popularity does not
guarantee that the entity is correct for the queried
relation. This motivates us to study overconfidence
through the lens of knowledge popularity.

Knowledge popularity has been widely studied
as an important factor in LLM factual recall.
Prior work shows that LLMs are more likely to
answer correctly when the required knowledge
appears more frequently in the corpus (Mallen
et al., 2023; Kandpal et al., 2023). However,
these studies mainly focus on the ground-truth
side, explaining when models are likely to know
the correct answer. Overconfidence, in contrast,
concerns the confidence assigned to the generated
answer, especially when that answer is incorrect.
We therefore shift attention from ground-truth-side
popularity to generated-answer-side popularity
signals. Specifically, we ask two questions: (1)
When LLMs make mistakes, what kinds of answers
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do they generate? (2) How are generated-answer-
side popularity signals associated with model
confidence, especially among incorrect answers?

To answer these questions, we focus on factoid
question answering (QA), which allows us to
characterize generation-side popularity through
question entity popularity, generated answer pop-
ularity, and question-answer co-occurrence. We
employ three representative datasets constructed
by prior work (Yuksekgonul et al., 2023), with
examples shown in Figure 3. As the models’
training data are not accessible, we follow prior
studies (Mallen et al., 2023; Kandpal et al., 2023;
Yuksekgonul et al., 2023) and use external statistics
as proxies, including Wikidata sitelinks for entity
popularity and Wikipedia document co-occurrence
for question-answer co-occurrence frequency.

Our results reveal a systematic popularity-related
pattern behind overconfident errors. When factual
recall fails, LLMs do not generate arbitrary wrong
answers; instead, their errors tend to gravitate
toward entities that are more popular or co-occur
more frequently with the question entity than the
ground-truth answer. More importantly, popularity
is also related to how strongly models trust these
errors: even among incorrect predictions, answers
with stronger popularity signals tend to receive
higher confidence. Together, these findings suggest
that popular but wrong alternatives may contribute
to overconfidence. The pattern is particularly
evident when models struggle with the task and
persists across model scales.

Although popular incorrect answers can receive
high confidence, correct predictions typically
exhibit even stronger and more reliable question-
answer association patterns. We therefore leverage
these signals for confidence calibration. Across
six models and three datasets, incorporating
knowledge popularity substantially mitigates
overconfidence, reducing the average confidence
on incorrect answers from 0.765 to 0.254, while im-
proving overall confidence calibration, with ECE
decreasing from 0.356 to 0.050 and Alignment
increasing from 77.08% to 83.72%. To reduce
reliance on external corpora, we further explore
using the model itself to estimate popularity
signals, which remains a reasonable alternative.

2 Related Work

Existing research on model knowledge boundary
perception focuses on assessing model confidence

and can be mainly classified into four categories.

Probabilistic Confidence. This line of research
uses the probability assigned to an answer as a
measure of model confidence (Guo et al., 2017; De-
sai and Durrett, 2020; Jiang et al., 2021; Kadavath
et al., 2022; Si et al., 2022; Kuhn et al., 2023). Guo
et al. (2017) examined modern neural networks
(e.g., ResNet (He et al., 2016)) and found them to
be overconfident, proposing temperature scaling as
aremedy. Later, Desai and Durrett (2020) showed
that BERT-style models tend to be relatively well-
calibrated, while Jiang et al. (2021) found that pre-
trained language models such as TS5 (Raffel et al.,
2020) remained overconfident. More recent work
has turned to LLMs, with studies showing that they,
too, exhibit overconfidence (Si et al., 2022; Lin
et al., 2022; Tian et al., 2023).

Verbalized Confidence. LLMs have been shown
to express their confidence verbally (Lin et al.,
2022; Yin et al., 2023; Tian et al., 2023; Xiong
et al., 2023; Yang et al., 2023; Ni et al., 2024a).
Some studies (Yin et al., 2023; Ni et al., 2024a)
found that LL.Ms often fail to recognize their
knowledge limitations verbally and tend to be
overconfident. Xiong et al. (2023) systematically
studied black-box approaches for estimating LLM
confidence. Beyond prompting-based methods,
some studies aim to train LLMs to verbalize more
accurate confidence (Lin et al., 2022; Yang et al.,
2023; Zhang et al., 2024).

Consistency-based Confidence. If the model is
confident in its answer, it should maintain consis-
tency across multiple generations. Recent studies
have used self-consistency across generations as a
proxy for LLM confidence (Manakul et al., 2023;
Kuhn et al., 2023). Zhang et al. (2023) extended
this by evaluating the consistency of answers across
multiple semantically equivalent inputs and across
different models. Ding et al. (2024) further adapted
this approach to the multilingual setting.

Confidence Estimation via LLM Internal States.
LLMs’ internal states have been shown to be ef-
fective in evaluating the factuality of their self-
generated content (Su et al., 2024; Chen et al.,
2024; Wang et al., 2024; Ni et al., 2025). Specif-
ically, Su et al. (2024) and Chen et al. (2024) fo-
cused on internal states after generation, Wang et al.
(2024) examined those before generation, and Ni
et al. (2025) explored leveraging LL.Ms’ internal
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Figure 2: Overview of knowledge popularity, overconfidence, and calibration. The upper panel illustrates over-
confident errors involving popular or frequently co-occurring incorrect answers; the lower panels show correct
high-confidence predictions and popularity-aware confidence calibration.

states to enhance their perception of knowledge
boundaries from efficiency and risk perspectives.

We focus on probabilistic confidence for the fol-
lowing reasons: 1) Both the model’s generation
probabilities and its knowledge acquisition arise
from the same training objective and are expected
to align with each other. 2) Models without special-
ized training often struggle to verbalize confidence
accurately (Ni et al., 2024b); consistency-based
methods require multiple generations and incur
high inference costs; and internal-state-based ap-
proaches require access to hidden representations
and additional training. In contrast, probabilis-
tic confidence is readily accessible and has been
shown to perform well, especially when answers
are short (Ding et al., 2024).

3 Task Formulation

Entity-Centric QA. We focus on entity-centric
knowledge because it allows us to measure knowl-
edge popularity through entities. In entity-centric
QA, questions and answers are derived from knowl-
edge triples in the form of (subject, relation, ob-
ject), where the question queries the relation of a
given subject, and the model is expected to generate
the corresponding object. Examples of knowledge
triples are provided in Table 1, with their trans-
formed question forms shown in Figure 3.

:@ Movies

Who is the director of the movie [Movie Name]? J
:@ songs

Who is the performer of the song [Song Name]? ]

- @ Basketball
Where is the birthplace of the basketball player [Player Name]?]

Figure 3: Question examples for each dataset.

LLM Knowledge Boundary Perception. The
model’s perception of its knowledge boundaries
is evaluated by the alignment between its confi-
dence and actual QA performance. QA perfor-
mance is measured by whether the generated an-
swer contains the ground-truth answer, and confi-
dence is reflected in the generation probabilities
of the answer tokens. Specifically, for a question
q and a model M, the confidence c is computed
asc= % Z?zl P(gi|lg<i), where {g1,...,gr} are
the generated tokens.

4 Experimental Setup

Datasets. Yuksekgonul et al. (2023) constructed
entity-centric QA datasets from Wikidata', using
sitelinks as a proxy for entity popularity, which cor-

1ht’cps: //query.wikidata.org/sparql
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relates strongly with QA performance. Following
their setup, we use three datasets—Movies, Songs,
and Basketball—to capture different levels of
knowledge popularity. Specifically, question pop-
ularity decreases from Movies to Basketball, while
ground-truth answer popularity shows the opposite
trend. Table 1 summarizes the knowledge triplets
and data statistics, and Figure 3 shows examples.

Entity Popularity. Following Mallen et al.
(2023); Yuksekgonul et al. (2023), we define the
popularity of an entity by the number of sitelinks it
has—i.e., the number of Wikipedia pages in differ-
ent languages that link to it.

Co-occurrence Count. As Wikipedia is the pri-
mary high-quality source for Wikidata, we esti-
mate relation popularity based on Wikipedia con-
tent. Specifically, for each entity pair, we mea-
sure relation popularity by counting the number of
documents in the Wikipedia dump? in which both
entities co-occur.

Table 1: Sample counts for each dataset, along with the
corresponding subject, relation, and object types.

Datasets Count  Subject Relation Object
Movies 10,964 Movie Directed by Director
Songs 2,157 Song Performed by Performer
Basketball 13,309 Player Birthplace City

Table 2: Definitions of the popularity notation.

Notation  Definition

Popq Popularity of entities in the question

Popgr Popularity of entities in the ground-truth answer

RPopgr  Co-occurrence count between question and ground-truth entities
Popg, Popularity of entities in the generated answer

RPopg.  Co-occurrence count between question and generated entities

LLMs. We conduct experiments on six represen-
tative LLMs: five open-source models—Llama
3-8B-Instruct (Dubey et al., 2024), Qwen2-7B-
Instruct (Yang et al., 2024a), and the Qwen2.5-
Instruct series (7B, 14B, and 32B) (Yang et al.,
2024b)—as well as a black-box model, ChatGPT
(i.e., GPT-3.5-Turbo-1106) (Achiam et al., 2023).
We do not include the Qwen2.5 series on Basket-
ball because their accuracy is too low (see Table 9).

Answer Generation. For all the models, we use
greedy search, selecting the token with the highest
probability at each generation step.

Zhttps://huggingface.co/datasets/wikimedia/
wikipedia

Metrics. For each question ¢;, we measure an-
swer correctness using accuracy acc;, where the
generated answer is considered correct if it contains
the ground-truth answer. The model’s confidence
¢; is defined as the generation probability of the
answer, as described in §3.

Partial Correlation. For each signal, we com-
pute the partial Spearman correlation coefficient
to ensure reliable analysis by controlling for the
effects of the other signals. For example, when
analyzing how popularity influences confidence,
we isolate the effect of Popg, by controlling for
RPopg, and Pop,. Details can be found in § B.4.

5 What Do LLMs Generate When They
Hallucinate?

In this section, we first examine the relationship be-
tween knowledge popularity and QA performance
and then focus on what the models generate when
they hallucinate.

5.1 Ground-Truth-Side Popularity and
Factual Recall

Unlike previous studies that focus on a single sig-
nal (Mallen et al., 2023; Kandpal et al., 2023),
we compare the strengths of the correlations be-
tween three different signals (i.e., Popg, Popgr,
and RPopgr) and QA performance. For each sig-
nal, we control for the other two and compute its
partial correlation with accuracy. The partial Spear-
man correlation coefficients are shown in Table 8.
The findings are: 1) Co-occurrence frequency ex-
hibits the strongest correlation with model QA per-
formance. 2) Relation specificity is also important
(see Figure 6). Due to space limitations, details are
provided in § A.

5.2 Hallucinated Answers Are More Popular
or Strongly Associated

We analyze the popularity of the entities generated
by the model when it makes mistakes, as well as
their co-occurrence frequency with the question
entity, and compare them with the ground-truth
answers. The results are shown in Figure 4 and
Table 3. Due to space limitations, the full results
are provided in Table 10. Our conclusions are as
follows.

LLM:s tend to generate more familiar entities
when they hallucinate. As shown in Figure 4,
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Figure 4: QA accuracy and failure modes across datasets
for ChatGPT. Accuracy uses all samples, whereas
failure-mode ratios use incorrect answers only. FEi-
ther Condition means that either popularity compar-
ison holds; Entity Popularity Only means that only
Popge > Popgr holds.

Table 3: Median popularity of ground-truth and gen-
erated answers on ChatGPT, grouped by correct and
incorrect predictions. CV denotes the coefficient of
variation, and Answer Unique Ratio is the fraction of
unique generated answers among incorrect samples.

Metric Movies Songs Basketball
Correct Answers

Pop,, (median) 22.0 10.0 9.0
Popg; (median) 28.0 64.0 132.0
RPop; (median) 9.0 17.0 3.0
Incorrect Answers — Ground Truth

Pop, (median) 18.0 7.0 7.0
Popg; (median) 21.0 315 75.0
RPopr (median) 5.0 7.0 1.0
Incorrect Answers — Generated

Popg, (median) 5.0 39.0 186.0
RPopg,. (median) 2.0 45 1.0
Popg, CV 1.58 0.90 0.58
Answer Unique Ratio ~ 0.787 0.821 0.133

among the incorrectly answered samples, approx-
imately 40% to 70% of the generated entities are
more popular than the ground-truth entities, while
20% to 40% of the generated entities co-occur
with the question entities more frequently than the
correct answers do. Together, these two categories
account for the majority of the incorrect samples.
The former suggests that the model may increase
the generation probability of an entity simply
because it is more popular, assigning it a higher
probability than the correct answer. For example,
when asked about the director of a movie, the
model may not know the correct answer and
instead output a better-known director. The latter
suggests that the model can also be misled by
entities that frequently co-occur with the question

Correct s [ncorrect

ChatGPT Qwen2.5-7B-Instruct

99.3 97.5

Confidence (%)
& 3 3 8§

N
)

0
Movies Songs Basketball Movies Songs Basketball

Figure 5: Mean confidence and its variation for correctly
and incorrectly answered samples.

entity. For instance, it may answer with the
producer of a movie instead of the director.

Substantial domain knowledge gaps are associ-
ated with stronger popularity-biased generation.
As shown in Figure 4, both popularity-bias ratios
are substantially higher on Basketball, where model
accuracy is lowest. Although the differences be-
tween Movies and Songs are modest, the contrast
with Basketball suggests that, when models have
substantially less knowledge about a domain, their
hallucinations are more likely to favor answers that
are globally popular or strongly associated with
the question. Table 3 reports detailed popularity
and question-answer association statistics for the
ground-truth and generated answers, together with
the CV and answer unique ratio to characterize the
concentration of generated-answer distributions.

6 What Drives Confidence in Generated
Answers?

In this section, we investigate the relationship be-
tween model confidence and the popularity signals
associated with the question and generated answer
(Popg, Popge, and RPopg,). The results are shown
in Table 4. Overall (Total column), we find that con-
fidence is driven by question—-generated-answer
popularity, especially RPops.. We further ana-
lyze correctly and incorrectly answered samples
separately and summarize the findings as follows.

Within correctly answered samples, uniformly
high popularity and confidence lead to weak ob-
servable correlations. Although Table 4 shows
weak correlations between popularity signals and
confidence for correctly answered samples, this
does not imply independence. Correct answers typ-
ically involve highly popular and strongly associ-
ated knowledge (see Table 3), driving confidence to
consistently high levels with limited variance (Fig-
ure 5). When both popularity and confidence are
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Table 4: Partial Spearman correlations between question—generated-answer popularity and confidence. Bold marks
the strongest positive predictor of confidence on incorrect answers. The ratio denotes how many times larger the
correlation on incorrect samples is than on correct samples. Ratios involving sign changes or near-zero denominators

are marked “—" as they are not meaningful.
RPopg, Pop, Popg,

Datasets ~ Models Total Correct Incorrect Ratio Total Correct Incorrect Ratio Total Correct Incorrect Ratio
Llama-3-8B  +0.541 +0.262 +0.267 1.0x +0.135 +0.164 +0.045 0.3x —0.014 +0.075 +0.186 2.5x
Qwen2-7B +0.541 +0.188 +0.179 1.0x +0.104 +0.167 +0.046 03x +0.112 +0.158 +0.263 1.7x

Movies ChatGPT +0.172 +0.109 = +0.499 4.6x +0.092 +0.082 +0.060 0.7x +0.045 +0.078 —-0.112 —
Qwen2.5-7B  +0.419 +0.178 +0.195 1.1x +0.107 +0.172 +0.051 0.3x +0.239 +0.156 +0.310 2.0x
Qwen2.5-14B  +0.580 +0.287 +0.219 0.8x +0.098 +0.142 +0.053 04x +0.103 +0.053 +0.262 4.9x%
Qwen2.5-32B  +0.596 +0.254 +0.229 0.9x +0.104 +0.133 +0.046 0.3x +0.091 +0.074 +0.242 3.3x
Llama-3-8B  +0.609 +0.163 +0.458 2.8x +0.107 +0.158 +0.105 0.7x +0.026 —0.004 +0.012 —
Qwen2-7B +0.375 +0.065 +0.140 2.2x +0.146 +0.076 +0.084 1.1x +0.071 +0.048 +0.105 2.2x

Sones ChatGPT +0.375 +0.181 = +40.656 3.6x +0.037 +0.050 +0.011 0.2x +0.236 +0.255 —-0.014 —

& Qwen2.5-7B  +0.357 +0.011 +40.221 — +0.059 +0.002 +0.003 —  +40.158 +0.309 +0.205 0.7x
Qwen2.5-14B  +0.451 +0.080 +0.253 3.1x +0.063 +0.067 —0.008 — +0.161 +0.243 +0.168 0.7x
Qwen2.5-32B  +0.441 +0.059 +0.237 4.0x +0.131 +0.126 +0.067 0.5x +0.149 +0.147 +0.194 1.3x
Llama-3-8B —0.039 —0.046 —0.102 22x +0.175 +0.214 +0.158 0.7x —-0.007 —-0.177 -0.016 —

Basketball Qwen2-7B +0.008 +0.026 —0.024 — +0.146 +0.015 +0.168 11.4x +0.125 —0.009 +0.099 —
ChatGPT +0.188 +0.179 +0.040 0.2x +0.255 +0.242 +0.161 0.7x —0.179 —0.136 —0.100 0.7x

uniformly high, their correlation is naturally hard
to detect. This also helps explain why LLMs rarely
exhibit conservativeness (Ni et al., 2024a; Xiong
et al., 2023): correctly answered knowledge is gen-
erally popular, and models assign high confidence.

For incorrectly answered samples, model
confidence is driven by question—answer pair
popularity. As shown in Table 4, confidence
for incorrect answers generally increases with
question—answer pair popularity, though the
dominant signal varies across datasets. In Movies
and Songs, confidence is strongly correlated
with RPopg., while this effect disappears in
Basketball. Moreover, the correlation between
confidence and Popg. weakens from Movies to
Songs and is weakest in Basketball. As discussed
in § 5.2, LLMs increasingly generate more
popular and concentrated entities from Movies
to Songs to Basketball. As entity popularity
becomes uniformly high, selecting a more popular
entity provides diminishing additional gain in
confidence, making confidence less sensitive to
Popg,.. Basketball shows a different pattern: due
to extremely sparse player—city co-occurrence (see
Table 3), even higher RPopg, values remain small
in absolute terms, so popularity differences lead
to only marginal changes in confidence.

Scaling cannot mitigate the model’s higher con-
fidence in popular but incorrect answers. As
shown in Table 4, within the Qwen2.5 model series,
increasing model scale does not weaken the corre-
lation between confidence and RPopg, for incor-

rectly answered samples in the Movies and Songs
datasets. Similarly, in Basketball, confidence and
Pop, remain high even for incorrect samples.

Taken together, these findings suggest a
popularity-related pathway to overconfidence:
when the correct question-answer association is
weak, LLMs tend to generate more familiar but
incorrect alternatives, and these alternatives also
tend to receive high confidence.

7 Calibrating Confidence with Popularity
Signals

Although LLMs tend to generate more common
answers when making errors, RPopg, remains sub-
stantially lower than in correctly answered samples
(see Table 12). This motivates us to mitigate over-
confidence using knowledge-popularity signals.

7.1 Popularity-Aware Confidence Estimation

For a given question g, let the model’s response be
r and its confidence be c. We leverage a popularity
signal p to map (p, c) to y, where y denotes the
ground-truth confidence (i.e., the correctness of
the answer). We consider three types of popularity
signals: Popg, Popg,, and RPopg,, as well as a
combined setting that uses all three signals. To re-
duce reliance on external corpora, we also explore
using the LLM itself to estimate each popularity
signal, denoted as Popg, Popg,, and RPop,.

We learn a popularity-aware confidence estima-
tor using a lightweight MLP, as defined below:

P(j=1) = o (MLP(z)), (1
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where o denotes the sigmoid function, = € R
represents the input features, and d is the number
of input features (e.g., d = 2 for ¢ + Pop). The
MLP has three hidden layers with 128, 64, and 32
units, each followed by batch normalization, ReLU
activation, and dropout (rate 0.3). We employ cross-
entropy loss as the training objective:

N
Lop=—Y [yilog P+ (1—yi)log(1— Py,

i=1
(2)
where y; is the ground-truth correctness for the i-th
training sample, N is the number of training sam-
ples, and P; denotes P(y; = 1). Detailed training
parameters can be found in § B.2.

7.2 Experimental Setup

Evaluation Metrics. To evaluate overconfidence
mitigation and calibration quality, we report two
calibration metrics: 1) Confy, the average confi-
dence on incorrect samples, which directly mea-
sures overconfidence; 2) Expected Calibration
Error (ECE) (Guo et al., 2017), which measures
the discrepancy between predicted confidence and
empirical accuracy. Beyond calibration quality, we
additionally evaluate whether calibrated confidence
better supports confidence-based binary decisions.
We report Alignment, defined as the fraction of
test samples whose binarized confidence predic-
tion matches the ground-truth correctness. See Ap-
pendix B.2 for full details.

Baselines. We consider the following representa-
tive baseline methods. We exclude approaches that
require access to internal model states, as they are
not applicable when only output token probabilities
are available.

* Token probability (Prob) (Jiang et al., 2021):
the mean probability of generated tokens.

¢ Self-consistency (Consis) (Manakul et al., 2023):
estimates confidence via semantic consistency
among multiple sampled responses. If the model
knows the correct answer, its outputs should be
consistent. We sample 10 additional responses
(temperature 1.0); for ChatGPT, we use 3 due to
cost constraints. Consistency is computed using
Qwen2.5-32B-Instruct.

* Verbalized confidence (Verbal) (Yin et al.,
2023): prompts the model to explicitly judge
whether it can answer the question correctly.

* Temperature scaling (Temp) (Guo et al., 2017):
learns a single scalar temperature to rescale
token-level probabilities for calibration.

* Platt scaling (Platt) (Platt et al., 1999): fits a lo-
gistic mapping from token probability to answer
correctness.

* Isotonic regression (Isotonic) (Zadrozny and
Elkan, 2002): learns a non-parametric monotonic
mapping from token probability to answer cor-
rectness.

Training and evaluation protocol. All meth-
ods are evaluated independently for each (dataset,
model) pair. To prevent extreme QA accuracy on
a dataset from causing Alignment to be unduly in-
fluenced by the majority class, we balance each
(dataset, model) pair whose accuracy falls outside
[0.25,0.75] by undersampling the majority class
to a 1:1 ratio. We then apply a 50/50 stratified
train/test split (seed 42). All parameter fitting and
threshold selection use only the training split, and
the held-out test split is used solely for evaluation.
For MLP-based methods, we select the checkpoint
using a 10% validation subset drawn from the train-
ing split. Full details are provided in Appendix B.2.

7.3 Results and Analysis

Table 5 reports calibration and alignment results
averaged over six models.

Popularity signals substantially mitigate over-
confidence. Adding popularity signals greatly re-
duces confidence on incorrect samples. Compared
with vanilla Prob (Confy,=0.765), Prob + RPop¢,
lowers Conf,, to 0.265 on average, while combin-
ing all popularity signals further reduces it to 0.254.
The improvement is especially large on Movies and
Songs, indicating that popularity-aware calibration
effectively suppresses overconfident errors.

Popularity improves both -calibration and
confidence-based decisions. Both standard
supervised calibration and popularity-aware
methods substantially reduce ECE. Platt scaling
and isotonic regression reduce ECE from 0.356
with vanilla Prob to 0.105 and 0.038, respectively,
but leave Alignment unchanged at 77.08%.
Popularity-aware methods similarly achieve ECE
around 0.05, while Prob + All Pop. improves
Alignment from 77.08% to 83.72%. This contrast
suggests that supervised calibration primarily
corrects the probability scale, whereas popularity
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Table 5: Conf,, (average confidence on incorrect samples), ECE, and Alignment averaged over six models. For
Align., bold/underline = highest/lowest; for Confy, and ECE, bold/underline = lowest/second-lowest. “All” denotes
the use of all three types of popularity signals.

Movies Songs Basketball Avg.
Method Conf, ECE Align. Conf, ECE Align. Conf, ECE Align. Conf, ECE Align.
Confidence and calibration baselines
Prob 0.780 0.387 81.88 0.775 0.355 80.72 0.741 0.326 68.66 0.765 0.356 77.08
Consis 0.320 0.157 79.33 0.295 0.121 83.52 0.336 0.173 67.16 0.317 0.150 76.67
Verbal 0.497 0.350 64.97 0.584 0.341 65.85 0.388 0.420 57.95 0.490 0371 62.92
Prob + Temp 0.603 0.247 81.88 0.595 0.218 80.72 0.571 0.147 68.66 0.590 0.204 77.08
Prob + Platt 0.307 0.082 81.88 0.398 0.173 80.72 0.414 0.060 68.66 0.373 0.105 77.08
Prob + Isotonic  0.258 0.024 81.88 0.269 0.055 80.72 0.388 0.035 68.66 0.305 0.038 77.08
Corpora-based popularity
Pop, - - 7027 - - 6831 — - 5502 - — 6453
Popg. — - 6766 — - 6320 — - 6142 — - 64.09
RPopg, - - 8764 — - 8726 — - 6204 — — 7898
Prob + Pop, 0.257 0.024 83.17 0.315 0.102 81.75 0.395 0.037 68.71 0.322 0.054 77.88
Prob + Pop;,  0.260 0.025 82.73 0.340 0.078 81.92 0.382 0.049 71.57 0.327 0.050 78.74
Prob + RPop;, 0.180 0.024 89.54 0.219 0.084 88.42 0.395 0.045 69.87 0.265 0.051 82.61
Prob + All Pop. 0.145 0.021 91.40 0.236 0.095 87.97 0.382 0.035 71.79 0.254 0.050 83.72
Self-generated popularity
Prob + RT’EpGC 0.259 0.023 83.02 0.318 0.078 82.77 0.405 0.042 68.66 0.327 0.048 78.15
Prob + All Pop. 0.246 0.024 83.49 0.312 0.075 83.57 0.384 0.048 69.99 0.314 0.049 79.02

signals additionally

between correct and incorrect answers.

improve discrimination
We

disentangle these contributions in detail in §7.4.

RPop, is the most effective standalone signal.
Among individual popularity features, RPopg,
consistently yields the strongest performance. As a
standalone detector, it already achieves high Align-
ment on Movies (87.64%) and Songs (87.26%).

Self-generated popularity signals remain effec-
tive. LLM-generated popularity estimates also
improve calibration over confidence-only baselines.
For example, Prob + All Pop. using self-generated
signals improves average Alignment from 77.08%
to 79.02% and reduces ECE from 0.356 to 0.049.
However, the gains remain smaller than those
achieved using external popularity signals.

7.4 Further Analysis

We further conduct fine-grained analyses to better
understand the source of the calibration gains
and their robustness across evaluation settings.
In addition to ECE and Alignment, we report
Brier score (Glenn et al., 1950), which measures
sample-level probabilistic prediction error, and
AUROC (Fawcett, 2006), which measures discrim-
ination between correct and incorrect answers.

To isolate the contribution of popularity features
from that of supervised nonlinear fitting, we in-
troduce MLP(c), which takes confidence alone as

Table 6: Fine-grained comparison of calibration base-
lines and the capacity-matched ablation. The main set-
ting follows the same evaluation protocol as Table 5; the
natural setting retains the original class distribution.

Method ECE| Brier] AUROCT Align.t

Balanced class distribution

Prob 0.356 0.322 0.839 77.08
Prob + Temp 0.204 0.227 0.839 77.08
Prob + Platt 0.105 0.172 0.839 77.08
Prob + Isotonic 0.038 0.156 0.837 77.08
MLP(c) 0.052 0.158 0.840 77.08
MLP(c + RPopg,) 0.050 0.123 0.877 82.62
Natural class distribution

Prob 0.513 0.421 0.836 86.29
Prob + Temp 0.345 0.258 0.836 86.29
Prob + Platt 0.054 0.108 0.836 86.29
Prob + Isotonic 0.017 0.101 0.835 86.23
MLP(c) 0.031 0.103 0.835 86.29
MLP(c + RPopg,.) 0.041 0.081 0.876 89.71

input while using the same architecture, objec-
tive, data split, and optimization procedure as our
popularity-aware estimator, MLP(c + RPopg,).

Popularity mainly improves correctness discrim-
ination. As shown in Table 6, the standard cali-
bration baselines from Table 5, together with the
capacity-matched ablation, show that supervised re-
calibration already accounts for most of the ECE re-
duction: MLP(c) reduces ECE from 0.356 to 0.052,
comparable to 0.050 after adding RPop,. In con-
trast, MLP(c) leaves AUROC nearly unchanged
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Table 7: Cross-model and cross-dataset transfer under
the natural class distribution.

Method ECE| Brier] AUROC{ Align.t

Cross-model transfer

MLP(c) 0.114 0.126 0.830 83.21
MLP(c + RPopg,) 0.106 0.104 0.861 86.00
Cross-dataset transfer

MLP(c) 0.137 0.144 0.828 80.37
MLP(c + RPopg,) 0.147 0.139 0.845 81.14

(0.839—0.840) and Alignment at 77.08%, whereas
adding RPopg, improves AUROC to 0.877 and
Alignment to 82.62%. This suggests that the main
additional benefit of popularity lies in improving
correctness discrimination across samples, rather
than further rescaling confidence values.

Popularity remains effective under the natural
class distribution. We further evaluate all meth-
ods while retaining the original class distributions
in both the training and test sets. As shown in
Table 6, MLP(c + RPopg,) improves AUROC
from 0.835 to 0.876 and Alignment from 86.29%
to 89.71% over MLP(c¢). It also reduces the Brier
score from 0.103 to 0.081 while maintaining a low
ECE of 0.041. These results show that the ad-
ditional discrimination provided by RPop, also
holds under the natural data distribution.

Popularity-aware calibration transfers across
models and datasets. We further evaluate
whether the learned calibration rule generalizes
across models and datasets. For cross-model trans-
fer, adding RPopg, improves AUROC from 0.830
to 0.861 and Alignment from 83.21% to 86.00%.
For cross-dataset transfer, which also corresponds
to transfer across relation types, AUROC improves
from 0.828 to 0.845 and Alignment from 80.37% to
81.14%. Although the gains become smaller under
cross-dataset transfer, RPop, still provides useful
transferable information beyond model confidence.
Details are provided in the Appendix B.3.

8 Conclusion

This paper investigates LLM overconfidence
in factual QA through the lens of knowledge
popularity. We find that hallucinated answers are
far from random: incorrect predictions are often
more popular than the ground-truth answer or
more strongly associated with the question entity.
Moreover, model confidence is closely related
to answer-side popularity signals, particularly

question—answer co-occurrence, even when the
generated answer is incorrect. Together, these
findings reveal a popularity-associated pattern
of overconfidence, in which popular or strongly
associated incorrect alternatives can receive high
confidence. We further show that these popularity
signals can be leveraged for confidence calibration,
substantially mitigating overconfidence while
improving overall calibration quality.

Limitations

Our study has several limitations. First, we do
not have access to the actual training data of the
evaluated LLMs, so our popularity measures serve
only as proxies for how frequently particular
knowledge may have been encountered during
training. Second, our findings are correlational
rather than causal: they reveal systematic asso-
ciations between popularity and overconfidence,
but do not establish that popularity itself causes
overconfident predictions. Finally, our analysis
focuses on closed-book entity-centric factual
QA, where entity popularity and question-answer
co-occurrence can be measured consistently.
Whether these patterns extend to more complex
settings, such as multi-hop QA, open-ended
generation, and reasoning-intensive tasks, remains
an important direction for future work.
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Table 8: Partial correlations between the three types of
popularity and accuracy. We do not include the Qwen2.5
series on Basketball because their accuracy is too low.

Model RPopgr  Popy  Popgy

Movies

Llama-3-8B +0.216 +0.196 —0.019
Qwen2-7B +0.323 +0.287 —0.039
ChatGPT +0.083  +0.094 —0.026
Qwen2.5-7B +0.285 +0.315 —0.005
Qwen2.5-14B  +0.323 +0.270 —0.038
Qwen2.5-32B  +0.347 +0.319 —0.041
Songs

Llama-3-8B +0.391 +0.102 —0.001
Qwen2-7B +0.345 +0.220 +0.078
ChatGPT +0.264 +0.010 +0.186
Qwen2.5-7B  +0.213 +0.196 —0.012
Qwen2.5-14B  +0.322 +0.219 +0.058
Qwen2.5-32B  +0.306 +0.231 —0.028
Basketball

Llama-3-8B +0.139 +0.080 +0.259
Qwen2-7B +0.073 +0.000 +0.321
ChatGPT +0.245 +0.219 +0.175

A Knowledge Popularity Affects Model
Learning

Co-occurrence frequency exhibits the strongest
correlation with model QA performance. On
Movies and Songs, RPopg is the dominant predic-
tor, with partial correlations up to r = 0.39, sub-
stantially outperforming both question and answer
popularity. This result suggests that factual recall is
strongly associated with the frequency of (question,
answer) co-occurrence in pretraining corpora. On
Basketball, the signal most strongly correlated with
accuracy is not RPopgy for either Llama-3-8B or
Qwen2-7B. This result may be attributed to their
relatively weak performance on this dataset. As
shown in Table 3, unlike the other two datasets, the
co-occurrence between basketball players and their
places of birth is too sparse, making it difficult for
weaker models to learn effectively.

Relation specificity predicts accuracy beyond
co-occurrence. We argue that co-occurrence
count alone is insufficient to characterize learn-
ability. The same frequency may correspond to
either a highly focused relation (e.g., director is
the dominant association of a movie) or a diffuse
one where the relation is only one of many facts
about the entity. We define relation specificity as
%;)ST, where higher values indicate that the (ques-
tion, answer) relation is more dominant for the
question entity. To control for raw frequency, we
bin examples by RPopt and compare high vs. low
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Figure 6: The impact of relation concentration on ac-
curacy. Here, “focused” refers to the top half of sam-
ples ranked by RPopgy/Popg, within each RPopgy bin,
while “diffuse” refers to the bottom half of samples.

specificity within each bin. As shown in Figure 6,
higher specificity consistently yields higher accu-
racy, suggesting that relation specificity is an im-
portant factor in factual learning.

B Detailed Results

B.1 Per-Model Detection Results

Tables 14-16 report per-model Alignment on
Movies, Songs, and Basketball, respectively. The
pattern described in §7.2 holds consistently across
all six models: RPopg, alone outperforms all
confidence baselines on Movies and Songs, and
Prob + RPopg. (MLP) yields the best single-
feature result on Movies and Songs, while Popg,
provides an effective complementary signal on Bas-
ketball.

B.2 Training and Evaluation Details

Data preparation. For each (dataset, model)
pair, we collect samples from the model’s
temperature-1.0 generations. We filter out sam-
ples where the model produces no answer. For
Movies and Songs, we additionally discard sam-
ples where the question or generated entity has a
Wikidata single-occurrence count above 6,000, as
such ambiguous high-frequency entity names intro-
duce noise. External popularity and co-occurrence
values that cannot be found in Wikidata/Wikipedia
are set to zero rather than discarded, reflecting the
deployment scenario where not all entities appear
in the knowledge base.

Class balancing. When the accuracy of a
(dataset, model) pair falls outside [0.25, 0.75], we
undersample the majority class to achieve a 1:1
positive-to-negative ratio before the train/test split.
This ensures that no method—including a trivial
majority-class predictor—can achieve high Align-
ment from class imbalance alone. For models

whose QA accuracy already falls within this range
(e.g., Qwen2-7B on Movies, accuracy =~ (0.38), no
undersampling is applied.

Evaluation settings. The main setting applies the
conditional class-balancing procedure described
above before the train/test split. The natural-
distribution setting retains the original class dis-
tribution without undersampling. In both settings,
the calibration methods and MLPs are fitted on the
corresponding training split and evaluated on the
held-out test split.

Train/test split. The (possibly balanced) samples
are randomly split 50/50 into train and test sets with
stratified sampling (seed 42). All methods use the
same split to ensure fair comparison.

Calibration fitting and threshold selection. All
fitting and threshold selection are performed in-
dependently for each (dataset, model) pair using
only the training split; the held-out test split is used
solely for evaluation. For threshold-based methods
(Prob, Consis, Verbal, and standalone popularity
signals), the optimal binarization threshold is se-
lected by scanning all unique training-set values
and choosing the one that maximizes training-set
accuracy. For temperature scaling, Platt scaling,
and isotonic regression, the calibration mapping
is first fitted on the training split, after which the
optimal threshold is selected on the corresponding
calibrated training-set probabilities.

MLP training. The MLP uses three hidden lay-
ers (128, 64, 32 units), each followed by batch
normalization, ReL.U activation, and dropout (rate
0.3). Itis trained with Adam (learning rate 5 x 1074,
weight decay 10~*) and binary cross-entropy loss.
For each (dataset, model) pair, 10% of its training
split is held out as a validation subset (stratified,
seed 42). We retain the checkpoint with the low-
est validation BCE loss and stop training after 10
consecutive epochs without improvement. After
training, the optimal binarization threshold is se-
lected on the full training split, and Alignment is
evaluated on the held-out test split. In transfer
experiments, checkpoint selection uses only the
validation subset of the source pair; no target-test
samples are used for training or model selection.

B.3 Full Calibration Transfer Results

For cross-dataset transfer, each method is fitted on
the training split of a source dataset and evaluated
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Table 9: Accuracy and average confidence for each model. We omit results for the Qwen?2.5 series on Basketball in
subsequent analyses because their extremely low accuracy limits the reliability of the estimates.

Datasets Metrics Llama-3-8B Qwen2-7B ChatGPT Qwen2.5-7B Qwen2.5-14B Qwen2.5-32B
Movies Acc 0.715 0.401 0.942 0.210 0.469 0.437
v Conf 0.904 0.817 0.986 0.754 0.877 0.877
Sones Acc 0.364 0.255 0.719 0.117 0.247 0.185
& Conf 0.790 0.777 0.947 0.788 0.865 0.844
Basketball Acc 0.134 0.098 0.350 0.042 0.074 0.078
Conf 0.601 0.748 0.791 0.786 0.821 0.797

Table 10: Accuracy and popularity-bias ratios across datasets for all models except ChatGPT. Ratios are computed
on incorrect predictions. “Either” indicates that either Popg, > Popgr or RPopg,. > RPopgr holds; “Pop only”

indicates that only the former holds.

Ratios on incorrect predictions

Dataset Model Acc. Popg, > Popgr RPopg. > RPopgt Either Pop only
Movies  Llama-3-8B  0.715 0.557 0.101 0.579  0.478
Qwen2-7B 0.401 0.642 0.096 0.653  0.556
Qwen2.5-7B  0.210 0.561 0.047 0.568  0.521
Qwen2.5-14B  0.469 0.478 0.045 0.487 0.443
Qwen2.5-32B 0.437 0.551 0.057 0.564  0.508
Songs Llama-3-8B  0.364 0.448 0.159 0.517 0.358
Qwen2-7B 0.255 0.561 0.120 0.590 0.470
Qwen2.5-7B  0.117 0.596 0.095 0.615 0.520
Qwen2.5-14B 0.247 0.437 0.093 0.460 0.367
Qwen2.5-32B 0.185 0.516 0.091 0.535 0.444
Basketball Llama-3-8B  0.134 0.687 0.332 0.747  0.415
Qwen2-7B 0.098 0.782 0.424 0.843 0.419
Qwen2.5-7B  0.042 0.731 0.473 0.829  0.356
Qwen2.5-14B 0.074 0.788 0.452 0.839  0.387
Qwen2.5-32B 0.078 0.794 0.406 0.834 0.428

on the test split of a different target dataset for
the same model. Results are macro-averaged over
36 ordered source—target pairs. For cross-model
transfer, each method is fitted on a source model
and evaluated on a different target model within the
same dataset, with results macro-averaged over 90
ordered pairs. All fitted parameters, feature scalers,
and decision thresholds come exclusively from the
source training split; target labels are used only for
evaluation. The main setting applies the conditional
balancing procedure in Appendix B.2, whereas the
natural-distribution setting retains the original class
distribution for both source and target pairs.

B.4 Partial Correlation Computation

All partial correlation coefficients in this paper
are computed using the rank-space OLS residual
method, which yields the partial Spearman correla-
tion:

1. Rank transformation. Convert each variable
(predictor z, target y, and control variables z =

{z1,...,21}) to ranks.

2. Residualize. Regress each ranked variable on
the ranked controls via ordinary least squares:

By = argmin [[rank(z) - zsl3, 3
By = argmin [rank(y) — ZBJ3, )
where Z = [rank(z1), ..., rank(z)] is the ma-

trix of ranked control variables (mean-centered).
The residuals

ry = rank(z) — ZﬂAm,
ry = rank(y) — ZBy

&)
(6)

represent the parts of = and y not linearly ex-
plained by the controls, in the rank space.

3. Correlate. The partial Spearman correlation is
r = Pearson(ry, ry).

The three-variable mutual-control framework
used throughout the paper selects three factors
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Table 11: Generated-answer statistics by correctness. Popg. and RPopg. denote the median entity popularity
and question—answer association strength, respectively. CV is reported only for Popg, because RPopg. is highly
zero-inflated, making its CV unstable.

Correct Incorrect
Model Dataset N  Popge CV(Popge) RPopge N  Popge CV(Popge) RPopge
Llama-3-8B Movies 6319  32.0 0.85 11.0 3205 17.0 1.22 0.0
Songs 417 620 0.69 27.0 781 38.0 0.92 1.0
Basketball 1771 191.0 0.47 4.0 11529 149.0 0.54 1.0
Qwen2-7B Movies 3678  38.0 0.77 16.0 5892  31.0 0.83 1.0
Songs 319  80.0 0.56 38.0 1011 51.0 0.75 0.0
Basketball 1305 223.0 0.35 3.0 11995 191.0 0.42 2.0
ChatGPT Movies 8768 27.0 0.90 9.0 828 5.0 1.58 2.0
Songs 1034 66.0 0.63 18.0 436 39.0 0.90 4.5
Basketball 4633  132.0 0.66 3.0 8667 186.0 0.58 1.0
Qwen2.5-7B  Movies 1749 450 0.71 24.0 7812 23.0 1.00 0.0
Songs 147  87.0 0.56 56.0 1205  66.0 0.71 0.0
Qwen2.5-14B  Movies 3881 37.0 0.78 15.0 5662  15.0 1.23 0.0
Songs 298  81.0 0.57 43.5 1055  38.0 0.94 0.0
Qwen2.5-32B  Movies 3747  38.0 0.77 16.0 5771 20.0 1.09 0.0
Songs 241 78.0 0.58 48.0 1165 50.0 0.80 0.0

{f1, f2, f3} and, for each f;, computes the partial
correlation between f; and the target while control-
ling for {f; : j # i}. This ensures that each re-
ported coefficient captures the unique contribution
of that factor after removing the linear influence of
the other two. Two variable sets are used depending
on the type of knowledge:

* Ground-truth-side knowledge:
{RPopgr, Popg, Popgr}, where RPopgr is
the Wikipedia co-occurrence count of the
question entity and ground-truth answer, Pop, is
the Wikidata sitelink count of the question entity,
and Popg is the Wikidata sitelink count of the
ground-truth answer.

* Generation-side knowledge:
{RPopg,, Popy, Popg. }, where RPopg, and
Popg, replace their ground-truth counterparts
with the generated answer’s equivalents, since
the model can only observe its own output.

All analyses are performed independently per

(dataset, model) pair.
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Table 12: Difference in mean question-generated answer association between correct and incorrect predictions
within confidence quartiles for open-source models. Positive values indicate that correct answers have stronger
question-answer associations than incorrect answers at similar confidence levels. “-” denotes fewer than five
incorrect examples; Avg is the mean over available models.

ARPopg, by confidence quartile

Model Q1 (low) Q2 Q3 Q4 (high)
Movies
Llama-3-8B +7.6 +6.7 +3.1 +3.3
Qwen2-7B +8.6 +11.9 +13.1 +18.2
Qwen2.5-7B +14.8 +17.5 +32.6 +33.1
Qwen2.5-14B +8.9 +9.0 +13.1 +11.1
Qwen2.5-32B +8.6 +10.6 +15.1 +14.0
Avg +9.7 +11.1 +15.4 +16.0
Songs
Llama-3-8B +18.2 +20.4 +4.9 —0.1
Qwen2-7B +13.0 +28.2 +19.2 +24.6
Qwen2.5-7B - +48.7 +54.2 +24.6
Qwen2.5-14B - +30.0 +27.4 +2.8
Qwen2.5-32B - +32.3 +37.7 +6.1
Avg +15.6 +31.9 +28.7 +11.6
Basketball
Llama-3-8B +4.0 +3.7 +3.8 +7.0
Qwen2-7B +3.6 +1.3 +1.0 —1.6
Avg +3.8 +2.5 +2.4 +2.7

Table 13: Difference in mean generated-answer entity popularity between correct and incorrect predictions within
confidence quartiles for open-source models. Positive values indicate that correct answers are more popular than
incorrect answers at similar confidence levels. “-” denotes fewer than five incorrect examples; Avg is the unweighted
mean over available models.

APop, by confidence quartile

Model Q1 (low) Q2 Q3 Q4 (high)
Movies
Llama-3-8B —6.4 —11.6 —12.8 +7.2
Qwen2-7B —10.2 —8.8 —12.3 —-5.6
Qwen2.5-7B +7.6 +1.3 +3.1 +3.9
Qwen2.5-14B +7.3 +3.9 +2.7 —-1.5
Qwen2.5-32B +1.6 —-1.3 +1.4 —-2.5
Avg —0.0 -33 -3.6 +0.3
Songs
Llama-3-8B +30.5 +22.1 +4.3 +39.3
Qwen2-7B +17.7 +5.7 +13.8 +8.3
Qwen2.5-7B - —21.5 —13.2 —-0.9
Qwen2.5-14B - +14.3 +11.4 +13.8
Qwen2.5-32B - -94 +1.1 +2.5
Avg +24.1 +2.2 +3.5 +12.6
Basketball
Llama-3-8B +38.0 +48.0 +38.7 +11.0
Qwen2-7B +17.7 +38.0 +25.7 +17.4
Avg +27.9 +43.0 +32.2 +14.2
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Table 14: Per-model Alignment (%) on Movies. Boldface marks the best method within each model column. All
ext. = {Popg, Popg,, RPopg, }; All LLM = {PopQ7 PopGe7 RPopGe}

Method Llama-3-8B Qwen2-7B ChatGPT Qwen2.5-7B Qwen2.5-14B Qwen2.5-32B
Confidence alone
Prob 83.2 81.1 78.6 82.0 81.7 84.7
Consis 74.1 81.4 70.9 82.1 83.7 83.7
Verbal 75.5 54.7 58.2 65.5 79.4 58.3
Prob + Temp 83.1 81.1 78.6 82.0 81.7 84.7
Corpora-based popularity
Pop,, 66.9 72.6 62.6 74.3 72.1 73.1
Popg. 74.4 62.5 71.7 65.5 67.3 64.6
RPopg, 89.3 87.6 71.6 93.5 92.2 91.7
Popularity + confidence (MLP)
Prob + Pop, 83.9 83.2 78.6 85.0 83.2 854
Prob + Popg, 85.1 81.5 81.0 81.9 81.9 84.7
Prob + RPopg, 90.3 88.0 80.2 93.6 92.4 92.4
Prob + All ext. 92.9 92.0 82.5 94.7 93.2 93.7
Self-generated popularity (MLP)
Prob + R/P‘EpGe 85.3 81.2 78.7 84.0 84.2 85.1
Prob + All LLM 85.9 81.1 75.2 86.8 85.4 87.1

Table 15: Per-model Alignment (%) on Songs. Boldface marks the best method within each model column.

Method Llama-3-8B Qwen2-7B ChatGPT Qwen2.5-7B Qwen2.5-14B  Qwen2.5-32B
Confidence alone
Prob 77.9 78.7 76.0 85.1 84.7 81.8
Consis 79.1 85.8 80.5 84.5 89.0 82.2
Verbal 62.5 54.3 74.9 65.5 79.4 57.9
Prob + Temp 77.9 78.7 76.2 85.1 84.7 81.8
Corpora-based popularity
Pop, 69.8 68.8 68.0 64.2 71.8 67.4
Popg, 67.9 62.0 71.0 54.7 67.8 55.8
RPopg, 81.6 88.6 78.3 91.2 93.4 90.5
Popularity + confidence (MLP)
Prob + Pop, 79.8 82.1 77.1 83.8 88.7 82.2
Prob + Popg, 79.4 79.6 76.6 86.5 85.0 83.1
Prob + RPop, 84.4 89.5 79.3 93.9 94.0 91.3
Prob + All ext. 83.3 87.7 79.7 94.6 93.4 88.8
Self-generated popularity (MLP)
Prob + R/PEpGe 80.7 79.9 76.0 87.8 88.0 83.1
Prob + All LLM 81.2 80.2 77.3 86.5 88.0 87.6
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Table 16: Per-model Alignment (%) on Basketball. Boldface marks the best method within each model column.

Method Llama-3-8B Qwen2-7B ChatGPT Qwen2.5-7B Qwen2.5-14B Qwen2.5-32B
Confidence alone
Prob 66.3 68.3 71.7 62.9 66.9 69.8
Consis 66.8 61.0 79.1 63.4 62.4 70.2
Verbal 62.7 51.4 55.8 65.5 50.0 62.2
Prob + Temp 66.3 68.3 71.7 63.2 66.9 70.1
Corpora-based popularity
Pop, 57.1 51.5 69.6 48.3 52.0 51.6
Popg, 60.0 61.1 65.2 61.6 57.5 63.1
RPopg, 66.3 61.0 65.2 56.5 59.4 63.9
Popularity + confidence (MLP)
Prob + Pop, 67.1 67.9 78.1 62.5 65.7 68.7
Prob + Popg, 68.5 69.0 78.3 72.5 68.2 73.4
Prob + RPopg, 71.5 69.0 78.1 63.4 66.5 71.3
Prob + All ext. 70.1 69.0 78.3 70.9 69.2 73.9
Self-generated popularity (MLP)
Prob + R/P.EpGe 66.3 69.0 71.5 61.6 66.1 70.0
Prob + All LLM 66.4 69.2 77.8 68.2 68.0 72.1
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