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Abstract

We present a tendency of large language mod-
els (LLMs) to generate absurd patterns de-
spite their clear inappropriateness in a simple
task of identifying regularities in number se-
ries. Several approaches have been proposed
to apply LLMs to complex real-world tasks,
such as providing knowledge through retrieval-
augmented generation and executing multi-step
tasks using AI agent frameworks. However,
these approaches rely on the logical consistency
and self-coherence of LLMs, making it crucial
to evaluate these aspects and consider poten-
tial countermeasures. To identify cases where
LLMs fail to maintain logical consistency, we
conducted an experiment in which LLMs were
asked to explain the patterns in various integer
sequences, ranging from arithmetic sequences
to randomly generated integer series. While
the models successfully identified correct pat-
terns in arithmetic and geometric sequences,
they frequently over-recognized patterns that
were inconsistent with the given numbers when
analyzing randomly generated series. This is-
sue was observed even in multi-step reasoning
models, including OpenAI o3, o4-mini, and
Google Gemini 2.5 Flash Preview Thinking.
This tendency to perceive non-existent patterns
can be interpreted as the AI model equivalent of
Idola Tribus and highlights potential limitations
in their capability for applied tasks requiring
logical reasoning, even when employing chain-
of-thought reasoning mechanisms.

1 Introduction

Recent achievements of large language models
(LLMs) have raised expectations that they can per-
form well across a wide range of tasks in human
activities, reducing labor and duties through au-
tomation enabled by artificial intelligence (AI) tech-
nologies (Minaee et al., 2024; Wan et al., 2024).
In particular, the AI agent framework is a promis-
ing approach for handling complex tasks by in-
tegrating LLMs with external systems, enabling

self-situation understanding and action planning
(Xi et al., 2025; Wooldridge and Jennings, 1995).
To develop autonomous systems capable of execut-
ing complex real-world tasks, a deep understanding
of LLM behavior is essential.

A key advantage of LLMs over other AI sys-
tems is that their input and output are in human-
understandable natural language. Users can pro-
vide task instructions through everyday conversa-
tion without strict formatting, much like assigning
tasks to colleagues. There is ongoing discussion
that LLMs exhibit behavior that can only be inter-
preted as genuine language understanding, mak-
ing it increasingly difficult to dismiss the possibil-
ity that they truly comprehend natural language
(Mitchell and Krakauer, 2023). Additionally, re-
sults can be received through a conversational inter-
face, allowing users to ask follow-up questions. In
this context, it is crucial to ensure that LLMs accu-
rately interpret human-provided prompts and gen-
erate reasonable and reliable outputs, rather than
merely producing “language-like” lists of informa-
tion. To assess this aspect, (Kong et al., 2024)
proposed a method for aligning LLMs with user
objectives to enhance human-LLM communica-
tion. Similarly, the LCM team et al. (2024) intro-
duced a new framework, the Large Concept Model,
which aims to address the abstract nature of natural
language communication by incorporating higher-
level semantic representations called “concepts.”

One widely recognized issue in LLM applica-
tions is hallucination, where LLM outputs con-
tain untruthful information (Huang et al., 2025;
Zhang et al., 2023). While one possible cause is
the limited knowledge coverage in training data,
studies have shown that hallucinations can occur
even when an LLM possesses sufficient knowledge
to generate correct answers (Simhi et al., 2024).
To address knowledge gaps, various frameworks
have been proposed to enhance LLMs with exter-
nal information through input prompts, such as in-
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context learning (Brown et al., 2020) and retrieval-
augmented generation (Gao et al., 2024).

Another critical issue with LLMs is ensuring a
reasonable thinking process and self-consistency.
Leaps in logic or unsupported conjectures can lead
to false conclusions and may ultimately cause task
execution failures. Chain-of-thought (CoT) prompt-
ing techniques have been proposed to address this
issue by encouraging step-by-step reasoning (Wei
et al., 2022; Kojima et al., 2022). Recently, ma-
jor LLM developers have introduced "thinking"
models, such as OpenAI o3, o4-mini (OpenAI,
2025b), and Google Gemini 2.5 Flash Preview
Thinking (Deepmind, 2025), which incorporate
built-in multi-step self-evaluation and modification
mechanisms based on the CoT concept.

A reasonable thinking process involves not only
deduction but also induction, both of which are
crucial for executing real-world tasks. In practi-
cal societal settings, strict procedural definitions
for tasks are often limited, making it necessary
to formulate hypotheses and proceed accordingly.
Effective hypothesis formation requires not only
consistency with the provided information but also
the ability to abstract key patterns and principles.
Without proper abstraction, misunderstandings or
biased assumptions can critically impact task exe-
cution.

In this paper, we present an experiment to inves-
tigate the capabilities of LLMs, including thinking
models, in forming hypotheses through precise in-
formation understanding and pattern abstraction.
We use a simple task of identifying regularities
in number series, allowing us to evaluate LLMs’
pattern recognition ability independently of hallu-
cinations related to knowledge accuracy.

Francis Bacon, in his famous work Novum Or-
ganum (Bacon, 1620), identified the tendency of
biased belief and referred to it as Idola, an inherent
aspect of human nature. In particular, the tendency
to over-recognize patterns in randomness is called
Idola Tribus (Idols of the Tribe). The motivation
of this research is to examine whether Idola Tribus,
as described in the following citation, is a relevant
concern for AI systems, particularly LLMs.

“The human understanding is of its own
nature prone to suppose the existence of
more order and regularity in the world
than it finds. And though there be many
things in nature which are singular and
unmatched, yet it devises for them paral-

lels and conjugates and relatives which
do not exist.”

— Francis Bacon, Novum Organum,
Aphorism XLV. (1620) 1

2 Related Work

2.1 Evaluation and Enhancement of Logical
Reasoning Capabilities

Various studies have been conducted to evaluate
logical consistency in natural language processing,
and several datasets have been introduced to assess
the logical reasoning capabilities of LLMs. Re-
Clor (Yu et al., 2020), LogiQA (Liu et al., 2020),
and LogiQA2.0 (Liu et al., 2023) are representative
datasets for evaluating self-consistent deductive
reasoning. These datasets assess logical capabili-
ties through predefined answer choices, where the
correct answers are explicitly determined. While
(Creswell et al., 2022) introduced inductive tasks
to evaluate LLMs’ logical reasoning capabilities,
the correct answers in these tasks are still explicitly
defined.

Our approach focuses on evaluating the induc-
tive information abstraction capabilities of LLMs,
making tasks without fixed answers more appro-
priate. In this context, we designed an experiment
on regularity identification in number series, high-
lighting the contrast with previous studies.

In addition, several studies have aimed to en-
hance the logical reasoning abilities of LLMs.
Dalvi et al. (2022) proposed a framework for ex-
plaining the reasoning process using entailment
trees, while Pan et al. (2023) attempted to improve
logical reasoning by integrating LLMs with sym-
bolic solvers. These approaches could potentially
contribute to enhancing the information abstraction
capabilities evaluated in this paper.

2.2 Mathematical Capability

The task of identifying regularities in numerical
series, as addressed in this paper, can also be inter-
preted as part of mathematical problem-solving.
Various datasets, ranging from grade school to
college-level mathematics, have been developed to
assess LLMs’ mathematical capabilities, including
AQUA-RAT (Ling et al., 2017), MATH (Hendrycks
et al., 2021), GSM8K (Cobbe et al., 2021), GSM-
Plus (Li et al., 2024). Recently, it has been reported

1Original Latin edition (Bacon, 1620); English translation
from (Bacon, 1900).
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that an LLM-based system achieved a gold medal-
ist performance in the Mathematical Olympiad
(Chervonyi et al., 2025).

Basic number series problems, such as arith-
metic and geometric sequences, are included in
the MATH dataset. However, these problems are
designed to be solved using explicit rules and are
fundamentally different from the open-ended task
presented in this paper. While this study is related
to mathematical capability, its primary objective is
to evaluate self-consistency free from biases, rather
than focusing solely on the mathematical aspect.
In addition, our task does not require the ability to
convert real-world problem statements into mathe-
matical expressions for computation.

2.3 Biases in LLMs

There are many indications of biases in LLMs,
including gender (Wan et al., 2023), political
(Rozado, 2024), and cultural (Tao et al., 2024) bi-
ases. Although this stems from a different per-
spective than the concept of Idola Tribus, which
is the main focus of this study, LLMs have also
been reported to exhibit behaviors analogous to
human cognitive biases (Echterhoff et al., 2024;
Shaikh et al., 2024). Since LLMs are trained on
texts written by humans, these biases can be seen as
a negative legacy inherited from human data. The
findings of this study should be considered as part
of these biases and represent an issue that needs to
be addressed.

3 Method

We conducted an experiment in which LLMs iden-
tified regularities in a prepared list of number series
and then evaluated whether their descriptions ac-
curately explained the series to investigate Idola
Tribus, over-recognition biases. The details of the
regularity identification configuration and evalua-
tion method are provided in the following subsec-
tions.

3.1 Configuration for Regularity
Identification in Number Sequences

To evaluate how LLMs generalize provided infor-
mation and identify patterns, as well as how they
make hasty and inaccurate generalizations leading
to false patterns, we prepared several categories of
integer sequences, ranging from easily recogniz-
able patterns to cases that are nearly impossible
to define with a clear rule. Table 1 presents these

categories along with descriptions, the number of
series prepared, and examples. We fixed several
sets of number series for each category and had
multiple LLMs perform identical tasks using the
same numbers. The total number of numerical se-
ries tested was 724. In general, we used positive
integers up to 100 as the values in the series, except
for the geometric series categories, to simplify the
experimental settings and clearly assess whether
LLM responses exhibit bias.

For the easier cases, we prepared arithmetic,
geometric, and difference series with difference
sequences. The arithmetic series were generated
with first terms and common differences selected
randomly from integers between 1 and 9. In the
geometric series, the common ratio was chosen
from integers between −5 and 5, excluding -1, 0,
and 1, to prevent excessively large absolute values
in the sequence. The first term was randomly se-
lected from integers between 1 and 9, following the
same setting as the arithmetic series. For the differ-
ence series, the first term, along with both the first
term and the common difference of the difference
sequence, were randomly selected from integers
between 1 and 9. We also prepared quasi-ordered
cases—arithmetic, geometric, and difference series
with a single-term error of +1 or -1—to investigate
whether LLMs recognize these errors and distin-
guish them from purely ordered series.

In addition to the number series categories
described above, we prepared two categories:
random-increasing and random. The random-
increasing series consist of randomly generated
numbers with the condition that each term is greater
than the previous one, while the random series
have no such constraint. These series generally do
not exhibit clear regularity and are used to assess
whether LLMs incorrectly perceive false patterns.
To ensure distinct categorization, we designed these
series to avoid overlap with other categories (e.g.,
random-increasing series are not arithmetic, geo-
metric, or difference series, and random series do
not belong to the random-increasing category). The
random-increasing series are generated by adding
random integers between 1 and 10 to the previ-
ous term, starting from an initial term randomly
selected between 2 and 18. The random series are
generated using random integers between 1 and 99.

We selected the latest high-performance LLMs,
widely used across various applications, for eval-
uation: Open AI GPT-4.1 (OpenAI, 2025a), o3,
o4-mini (OpenAI, 2025b) and Google Gemini
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# Count Category Description Example
1 81 arithmetic Arithmetic series with positive integer common

differences ranging from 1 to 9. The number of
patterns is 81, consisting of 9 common differences
(1 to 9) multiplied by 9 first terms (1 to 9).

8, 9, 10, 11, 12,...

2 81 geometric Geometric series with integer common ratios from
−5 to 5, excluding 0 and 1. The number of patterns
is 81, consisting of 9 common ratio (−5 to −1 and
2 to 5) multiplied by 9 first terms (1 to 9).

3,−6, 12,−24, 48,...

3 100 difference Number series in which the differences between
consecutive terms form arithmetic sequences with
positive integer common differences ranging from
1 to 9.

4, 7, 11, 16, 22,...

4 81 quasi-
arithmetic

Almost arithmetic series with the same conditions
as #1, but with one term deviating by 1 from the
expected pattern.

8, 10, 10, 11, 12, ...

5 81 quasi-
geometric

Almost geometric series with the same conditions
as #2, but with one term deviating by 1 from the
expected pattern.

3,−6, 11,−24, 48,...

6 100 quasi-
difference

Almost difference series with the same conditions
as #3, but with one term deviating by 1 from the
expected pattern.

4, 8, 11, 16, 22,...

7 100 random-
increasing

Randomly generated increasing integer sequences.
Not applicable to #1–#6.

17, 25, 33, 43, 50,...

8 100 random Randomly generated integer sequences. Not appli-
cable to #1–#7.

54, 1, 78, 7, 49,...

Total 724

Table 1: List of number series categories for the regularity identification test, ranging from easily identifiable
arithmetic series to random series with no clear order.

2.5 Flash Preview Thinking (Gemini Team, 2023;
Deepmind, 2025) (abbreviated as “Gemini2.5” in
the tables). The o3, o4-mini, and Gemini 2.5
Flash Preview Thinking models incorporate the
latest multi-step CoT reasoning techniques to en-
hance logical consistency. Additionally, we in-
cluded Llama 3.3 (Meta, 2025) as a representa-
tive of high-performance open models. The ver-
sions used were gpt-4.1-2025-04-14 for GPT-4.1,
o3-2025-04-16 for o3, o4-mini-2025-04-16 for o4-
mini, and gemini-2.5-flash-preview-04-17-thinking
for Gemini 2.5 Flash Preview Thinking.

Figure 1 shows an input prompt with a simple in-
struction for the regularity identification task. Each
prompt included five values from a given series.
Regularity becomes easier to explain when only
four or fewer values are provided, such as when
fitting a third-order polynomial function, while ran-
domness becomes clearer when six or more val-
ues are provided in the random series. The same

prompt was used across all models. The output
is restricted to a single sentence via the prompt
for ease of evaluation. We standardized the ap-
proach by providing instructions solely through
user prompts, without using system prompts.

Prompt for identifying regularities
role: user
content: Please explain the regularity in the following 
number series in one sentence, ensuring that all the 
numbers are not included together in your answer: 
2, 33, 9, 25, 51, ...

Figure 1: Prompt for the regularity identification task,
shown for a sample case of a random series: 2, 33, 9,
25, 51, ...

3.2 Evaluation Method for Inferred
Regularities

As the next step, we evaluated the regularity de-
scriptions obtained using the method described in
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the previous subsection to determine how many
number series were successfully generalized and
abstractly described correctly. While the validated
cases confirm that the LLMs performed well, ana-
lyzing the failed cases is crucial for understanding
their tendencies. Therefore, the evaluation has two
main objectives: assessing regularity identification
capabilities and analyzing the patterns in failure
cases.

We emphasize that there is no perfect au-
tonomous evaluation method with flawless accu-
racy for determining the validity of regularity de-
scriptions. However, maintaining quality and con-
sistency across 724 × 5 = 3,620 regularity descrip-
tions through human evaluation alone is challeng-
ing in terms of reproducibility and consistency.
Therefore, we chose to use LLMs as evaluators
to ensure the experiment remains reproducible
and consistent, even if their accuracy is limited.
The concept of using LLMs as evaluators, known
as “LLM-as-a-Judge,” has become increasingly
common (Gu et al., 2025). Zheng et al. (2023)
demonstrated that the agreement between LLM-as-
a-Judge and human annotators is comparable to
inter-annotator agreement, indicating that LLMs
have the capability to evaluate LLM-generated de-
scriptions.

The prompt for LLM evaluation of the regular-
ity descriptions is shown in Fig. 2. We designed
the evaluation prompt not only to assess the valid-
ity of regularity descriptions but also to analyze
their characteristics, tendencies, and the potential
to avoid invalid outputs. To support this, we dis-
tinguished between valid descriptions that align
with the preset category and those that do not. Ad-
ditionally, we included an evaluation option for
descriptions that state the series is random. Since
the dataset includes a random series category, mod-
els are not required to invent plausible regularities
for these cases. We analyzed how often the outputs
correctly identify such series as random. In sum-
mary, we defined four evaluation options (Fig. 2):
(1) correct explanation aligning with the preset cat-
egory, (2) correct explanation not aligning with the
preset category, (3) incorrect explanation, and (4)
statement that the series is random.

We calculated the success rate based on the eval-
uation results to assess how well the target LLMs
can generalize the provided numerical information
and describe the regularities. In this calculation,
outputs corresponding to options 1 and 2 are both
considered successful explanations, regardless of

Prompt for evaluating inferred regularities
role: user
content: The number series 2, 33, 9, 25, 51, ... is generated 
based on the rule of {Generation rule}.
Is the following description an explanation of the regularity in the 
series?
"{Output from the prompt for guessing regularities}"

Please choose one of the following options and present it at the 
end of your output in the format "result={}":

1: Correct explanation aligning with the generation rule
2: Correct explanation but not aligning with the generation rule
3: Incorrect explanation
4: Statement that it is a random series

Figure 2: Prompt for regularity description evaluation,
shown for a sample case of a random series: 2, 33, 9,
25, 51, ... corresponding to the case in Fig. 1.

whether they align with the preset category. For
categories other than arithmetic, geometric, and
difference series, we also treat a statement that
the series is random (option 4) as a successful ex-
planation, as these categories do not have clearly
describable regularities.

For the evaluation models, we used the o3 model.
This selection was based on a preliminary experi-
ment using author-annotated descriptions, where
all candidate models performed adequately, but o3
showed the best performance within the test setting.
Details of the preliminary experiment are provided
in Appendix A.

4 Result

We successfully obtained 3,620 regularity descrip-
tions for 724 number series shown in Table 1 using
the five regularity identification LLMs, along with
evaluation results for all descriptions. A summary
of the success rates, aggregated based on the evalu-
ation results, is presented in Table 2.

All five models correctly identified the regular-
ities in all arithmetic series, achieving a 100%
success rate, and performance was also high for
the geometric series. For the difference series,
o3, o4-mini, Gemini 2.5 Flash Preview Think-
ing and Llama 3.3 maintained strong performance,
while the success rate declined for GPT-4.1. For
the quasi-arithmetic, quasi-geometric, and quasi-
difference series, the success rate decreased across
all LLMs, reflecting the fact that these series do
not exhibit clear regularities. In particular, the non-
thinking models GPT-4.1 and Llama 3.3 performed
worse than the self-iterative reasoning models o3,
o4-mini, and Gemini 2.5 Flash Preview Thinking.
In the random-increasing and random categories,
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Category GPT-4.1 o3 o4-mini Gemini2.5 Llama3.3 Average
arithmetic 100% 100% 100% 100% 100% 100%
geometric 100% 98.8% 100% 100% 95.1% 98.8%
difference 36.0% 99.0% 99.0% 100% 93.0% 85.4%
quasi-arithmetic 16.0% 51.9% 56.8% 63.0% 21.0% 41.7%
quasi-geometric 11.1% 55.6% 25.9% 65.4% 12.3% 34.1%
quasi-difference 4.0% 64.0% 64.0% 70.0% 7.0% 41.8%
random-increasing 7.0% 66.0% 56.0% 44.0% 4.0% 35.4%
random 8.0% 52.0% 43.0% 31.0% 0.0% 26.8%
Total 33.0% 73.1% 67.8% 70.6% 39.9% 56.9%

Table 2: Success rates of regularity identification for each category and LLM, based on the described evaluation
method. Boldface indicates the highest success rate achieved by an individual model for each category.

the trend of thinking models outperforming non-
thinking models remained consistent with the quasi-
ordered series cases. Overall, the success rate was
high for the thinking models, with comparable per-
formance among them. However, the success rate
for the random series remained notably low across
all LLMs.

The fact that LLMs provide incorrect expla-
nations for random series clearly demonstrates
their tendency to overestimate regularities when
interpreting information—specifically, the numer-
ical values in the series used in the experiment—
indicating the presence of Idola Tribus in LLMs.
As a result, our findings reveal a tendency to per-
ceive ordered patterns that are inconsistent with the
provided information—clear evidence that these
AI models exhibit Idola Tribus.

To investigate whether LLMs tend to force a pat-
tern even when they fail to find a plausible one, we
conducted an additional experiment by modifying
the regularity identification prompt to explicitly al-
low the series to be random (Fig. 3). Table 3 shows
a comparison of the rate at which each model ex-
plains that the series is random, using the original
prompt (Fig. 1) and the random-allowing prompt
(Fig.3). We observe that the rate of random-series
explanations increases significantly with GPT-4.1,
o3, o4-mini, and LLaMA 3.3 in categories other
than arithmetic, geometric, or difference series.
This suggests that prompting with the option to
declare a series as random—indicating no signifi-
cant regularity—encourages these models to state
more confidently when they find no clear pattern.
In contrast, Gemini 2.5 Flash Preview Thinking
does not show a similar change.

The success rates with the random-allowing
prompt configuration are shown in Table 4. Com-

Prompt for identifying regularities (random allowed)
role: user
content: Please explain the regularity in the following 
number series in one sentence, without listing all the 
numbers together in your answer. If you find no 
significant regularity, you may respond that it is a random 
series: 2, 33, 9, 25, 51, ...

Figure 3: Prompt for the regularity identification task,
shown for a sample case of a random series: 2, 33, 9,
25, 51, ...

pared to Table 2, the improvements correspond
to the increase in random-series explanations re-
ported in Table 3. The o3 and o4-mini models
showed comparable performance, achieving the
highest success rates among the models. Neverthe-
less, success rates for quasi-ordered series remain
significantly lower than those for their correspond-
ing ordered cases across all models. Gemini 2.5
Flash Preview Thinking did not show a notable
improvement, as the number of random-series ex-
planations did not increase substantially.

5 Discussion

As shown in the previous section, we presented a
clear and comprehensive analysis—demonstrating
for the first time—that LLMs occasionally gener-
ate false patterns that contradict the information
they are given. When a clear regularity cannot be
identified, the model should explicitly state this,
rather than providing potentially inaccurate expla-
nations. The lack of random-series explanations
under the original prompt clearly illustrates this
issue, where models incorrectly assert the presence
of a pattern instead of acknowledging the absence
of an identifiable structure.

One notable finding is that the tendency to over-
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Category GPT-4.1 o3 o4-mini Gemini2.5 Llama3.3 Average
quasi-arithmetic 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
quasi-geometric 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
quasi-difference 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
random-increasing 1.0% 9.0% 6.0% 8.0% 0.0% 4.8%
random 5.0% 28.0% 14.0% 17.0% 0.0% 12.8%
Total 1.3% 8.0% 4.3% 5.4% 0.0% 3.8%

Category GPT-4.1 o3 o4-mini Gemini2.5 Llama3.3 Average
quasi-arithmetic 18.5% 13.6% 30.9% 0.0% 2.5% 13.1%
quasi-geometric 13.6% 3.7% 9.9% 0.0% 6.2% 6.7%
quasi-difference 6.0% 33.0% 59.0% 0.0% 0.0% 19.6%
random-increasing 38.0% 56.0% 66.0% 5.0% 17.0% 36.4%
random 83.0% 87.0% 93.0% 30.0% 86.0% 75.8%
Total 33.1% 41.1% 54.3% 7.6% 23.8% 32.0%

Table 3: Rate of explanations stating that the target is a random series (evaluation result option 4). Upper panel:
results with the original prompt (Fig. 1); lower panel: results with the random-allowing prompt (Fig. 3). Boldface
indicates the highest rate by an individual model for each category.

Category GPT-4.1 o3 o4-mini Gemini2.5 Llama3.3 Average
arithmetic 100% 100% 100% 100% 100% 100%
geometric 100% 100% 98.8% 100% 100% 99.8%
difference 45.0% 100% 100% 100% 97.0% 88.4%
quasi-arithmetic 40.7% 66.7% 82.7% 54.3% 24.7% 53.8%
quasi-geometric 24.7% 69.1% 45.7% 66.7% 17.3% 44.7%
quasi-difference 9.0% 84.0% 86.0% 69.0% 11.0% 51.8%
random-increasing 46.0% 85.0% 91.0% 40.0% 20.0% 56.4%
random 83.0% 94.0% 97.0% 30.0% 86.0% 78.0%
Total 55.0% 87.7% 88.3% 68.9% 56.6% 71.3%

Table 4: Success rates of regularity identification for each category and LLM using the random-allowing prompt
(Fig. 3). Boldface indicates the highest success rate achieved by an individual model for each category.

recognize patterns also appeared in the thinking
models, despite their higher success rates compared
to non-thinking models (Table 2). This suggests
either that the thinking models lack sufficient ca-
pability to verify regularity hypotheses or that they
assert false regularities even when they recognize
them as incorrect. This question can be examined
using the o3 results, as o3 was used for both regu-
larity identification and evaluation. We found that
o3 judged its own identified regularities as valid in
only 52 out of 100 cases within the random cate-
gory. This indicates that the o3 model generated
false patterns even in cases where it itself recog-
nized them as incorrect. The failure to reflect self-
evaluation results may be related to fundamental
differences between the CoT process and human
thinking (Bao et al., 2024).

By comparing correct regularity explanations
that align and do not align with the preset cate-
gories (evaluation result options 1 and 2), we found
that in the arithmetic, geometric, and difference
series, almost all correct explanations aligned with
the preset categories. Since the regularities in these
categories are simple and well-defined, it is reason-
able that LLMs did not attempt to explain them
using alternative patterns. In contrast, for the quasi-
ordered categories, which include one deviation
from a clear regularity, there were comparable num-
bers of correct explanations both aligning and not
aligning with the preset categories. This suggests
that the evaluated models demonstrate strong per-
formance in their ability to identify valid regulari-
ties, even when those regularities were not explic-
itly intended in the series generation process.
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For the o3 and o4-mini models, a greater variety
of highly creative ideas were generated compared
to other models, including interpretations based on
atomic numbers, football players, piano, tarot, the
Holy Bible, and telephone country codes—even
though these were inconsistent with the given se-
ries. This level of creativity could be a signifi-
cant advantage if the model’s internal mechanism
for logical self-validation functioned reliably. At
present, however, both o3 and o4-mini tend to vali-
date ideas they are not well-equipped to evaluate,
leading to misinterpretations and false confirma-
tions. It has been reported that LLMs often struggle
with tasks such as recognizing characters in words,
counting words, or identifying letter sequences(Qin
et al., 2023)—weaknesses that may contribute to
the observed failures. In such cases, the models’
wide-ranging ideas ultimately lead to lower-quality
outputs.

Based on the behavioral changes observed with
the random-allowing prompt, it is plausible that this
bias stems from an implicit compulsion in LLMs to
always provide an answer in response to a given in-
struction. This tendency can lead to false outputs re-
sembling confabulation or improvisation—similar
to hallucinations. In this context, frameworks de-
signed to mitigate hallucinations may offer useful
insights. Several studies have explored such ap-
proaches, including prompting LLMs to state ex-
plicitly when they do not have certain knowledge
(Zhang et al., 2024), or even to explain why they
cannot answer a given question (Deng et al., 2024).
If LLMs were able to state that they do not know
the regularities in a number series—or to explain
why they cannot identify them—the impact of this
phenomenon could be significantly reduced. Fur-
ther investigation is needed to determine whether
these concepts can be applied to cases of logical rea-
soning, rather than purely knowledge-based tasks.

The fact that the models with the best perfor-
mance under the random-allowing prompt, o3
and o4-mini, achieve higher success rates for ran-
dom series than for quasi-ordered series is notable.
Quasi-ordered series may appear to contain a regu-
larity, as the deviation involves only a single value
in the series. There are cases in which LLMs per-
sist in trying to explain a pattern rather than recog-
nizing the absence of a clear rule. This tendency
provides evidence that the behavior aligns with the
characteristics of Idola Tribus, suggesting that the
phenomenon observed in LLMs shares the same
nature. Although the number of target LLMs is

limited to five, we observed this tendency across
all five models. This aspect also aligns with the
concept of Idola Tribus, which refers to shared ten-
dencies among humans, suggesting a comparable
tendency within the “tribe” of LLMs.

One possible cause of this phenomenon might
be a tendency to process information efficiently
during training or instruction tuning. Providing
additional prompts to help LLMs recognize this
bias may reduce over-interpretation, although it
could also limit their willingness to engage with
more complex reasoning tasks.

To overcome this bias through approaches other
than fine prompt adjustments, fine-tuning with
strategies proposed in previous studies for enhanc-
ing logical reasoning capabilities could also be ef-
fective in addressing the pattern recognition biases
identified in this paper (Zelikman et al., 2022; Mor-
ishita et al., 2023). Ideally, developing a bias-free
model through fine-tuning would be preferable, as
relying on a biased model requires constant vigi-
lance to mitigate bias through prompting. Although
the fine-tuning configurations discussed in these
studies are primarily designed to improve deduc-
tive reasoning, the core principle of maintaining
logical consistency with all available information is
equally important for addressing inductive biases.
It has also been noted that model performance de-
pends not only on the quantity of training data but,
more importantly, on its quality (Ye et al., 2025). In
this context, exploring effective fine-tuning strate-
gies is a key next step in tackling the issue.

6 Conclusion

We conducted an experiment in which LLMs iden-
tified regularities in various types of number series,
including randomly generated ones, and discovered
a tendency for LLMs to over-recognize patterns
that do not fully explain the provided information.
This tendency can be regarded as the LLM equiva-
lent of Idola Tribus in humans. LLMs tend to force
themselves to explain patterns even when they do
not find a plausible one, unless explicitly instructed
to acknowledge the absence of regularities. This
tendency has been shown to share the same char-
acteristic found in Idola Tribus in humans, partic-
ularly in its greater likelihood to appear when the
series seems ordered.

Future research is expected to focus on mitigat-
ing the impact of this bias, and further model de-
velopment will be necessary to address it. Until
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this tendency is properly controlled, it is essential
to remain aware of the issue when applying LLMs
to practical tasks, just as humans must be cautious
to avoid biases in general, in order to prevent unin-
tended errors.

Limitation

In this paper, we conducted an evaluation experi-
ment on only five major LLMs to confirm the ten-
dency for false pattern recognition. However, this
does not guarantee that the same tendency exists in
all current and future LLMs.

We have presented results using only two vari-
ations for regularity identification, as shown in
Figs. 1 and 3. Improved results may be achiev-
able with more optimized prompts. Our intention
was not to suggest that such tendencies are unavoid-
able, but rather to emphasize that users should be
cautious of these incorrect recognitions.

Additionally, the evaluation method using LLMs
selected in this study is not perfectly precise. As
a result, the success rate values presented in this
paper may not be highly accurate in absolute terms,
though the overall trend and main findings remain
unchanged.
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A Preliminary Experiment for Evaluation
Method Investigation

We conducted an experiment using four number
series to investigate the evaluation method. Five
LLMs from the main experiment were tasked with

identifying regularities, and the validity of their de-
scriptions was annotated by the authors as ground
truth. The series were selected from the random,
difference, and quasi-arithmetic categories, as de-
scriptions for random and quasi-regular series are
more challenging to evaluate. These four test cases
were excluded from the main experiment.

Next, we tested the evaluation prompt on 21
selected descriptions, excluding vague or overly
similar ones and including some results from the
random-allowing prompt (Fig. 3), using the five
models as candidate LLM-as-a-judge evaluators.
Table 5 the 21 descriptions used for testing. The
expected evaluation results were annotated by the
authors and are listed in Table 5. We note that it is
not necessary to distinguish between annotations
1 and 4 for random series, as a correct descrip-
tion based on the generation rule (option 1) and a
statement that the series is random (option 4) are
effectively equivalent.

Table 6 presents the results of the preliminary
experiment. We found that all candidate models
performed as evaluators with a certain level of ac-
curacy, with o3 achieving the best performance.
For o3, if we treat options 1 and 2 as equivalent—
since both represent acceptable cases—there was
only one error (Exp. P10), involving a discrepancy
between acceptable and unacceptable judgments
compared to the annotation. This was the fewest
among the five candidates; therefore, we selected
o3 as the LLM-as-a-judge evaluator for the main
experiment.

While this experiment might not be not sufficient
to fully characterize the accuracy of the evaluation
method, it suggests that the approach is capable of
capturing general trends for each combination of
regularity identifier LLM and number series cate-
gory.

B Examples of outputs

Successful examples of valid regularity identifica-
tion across all eight categories are shown in Table 7.
These examples were selected from the descrip-
tions evaluated as valid, representing typical cases
that clearly align with human-confirmed results. In
the arithmetic, geometric, and difference series cat-
egories, the expected mathematical regularities are
successfully identified. In the quasi-ordered cate-
gories, the +1 or −1 errors in comparison to the
simple ordered series were correctly recognized,
and the regularities were described while account-
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Exp
ID

Category Number series Regularity
identifier
LLM

Regularity description Author
anno-
tation

P1 random 2, 33, 9, 25, 51,... GPT-4.1 The sequence alternates between adding 31 and subtracting 24
to generate the next number.

3

P2 random 2, 33, 9, 25, 51,... o4-mini After the initial 2, the sequence alternates between multiples of
three whose other factor is a successive odd prime (33 = 3×11,
51 = 3 × 17, . . . ) and perfect squares of consecutive odd
integers (9 = 32, 25 = 52, . . . ).

3

P3 random 2, 33, 9, 25, 51,... o3 Treat the list as two interlaced sequences — one made by
repeatedly adding successive even squares ( +4, +16, +36,
+64, . . . ) starting from 2, and the other by successively
subtracting the corresponding odd squares ( −9, −25, −49, . . .
); when these two strands are woven together they yield the
given numbers in the stated order.

3

P4 random 2, 33, 9, 25, 51,... Gemini2.5 The sequence starts with 2 and 33; for n greater than two, term
n equals the square of (2n-3), adding two if n is odd and five or
greater.

2

P5 random 2, 33, 9, 25, 51,... o3 No clear arithmetic, geometric, digit-manipulation or indexing
rule links each element to its successor, so the list should be
treated as a random assortment of numbers.

1 or 4

P6 random 2, 33, 9, 25, 51,... Gemini2.5 There is no significant regularity in this series. 1 or 4
P7 random 85, 1, 3, 34, 1,... GPT-4.1 The series alternates between subtracting 84 and then multiply-

ing the result by the next odd number in sequence (1, 3, 5,. . . ).
3

P8 random 85, 1, 3, 34, 1,... o3 Begin with a two-digit number; write the GCD of its two digits,
write the absolute difference of those digits, then make the next
two-digit member by using that difference as the tens digit and
the digital root of the digits’ sum as the units digit, and repeat.

2

P9 random 85, 1, 3, 34, 1,... o4-mini Each term after the initial two-digit number is generated by
alternately summing its digits (to produce two separate one-
digit entries) and then taking the two most recent one-digit
entries to form the next two-digit term by writing their product
followed by their sum.

3

P10 random 85, 1, 3, 34, 1,... Gemini2.5 The series begins with eighty-five, and subsequent terms cycle
through the values obtained by taking Fibonacci numbers at
index one, four, and nine.

2

P11 random 85, 1, 3, 34, 1,... Llama3.3 The series appears to alternate between a large number and
the number 1, with the large numbers increasing in a specific
pattern, while the small number remains constant at 1.

3

P12 random 85, 1, 3, 34, 1,... Llama3.3 The series appears to be random, with no discernible pattern
or regularity, as the numbers seem to be unrelated and do not
follow a consistent sequence or mathematical operation.

1 or 4

P13 quasi-
arithmetic

4, 13, 22, 32, 40,... GPT-4.1 The pattern in the series is that the numbers increase alternately
by 9 and then by 8.

3

P14 quasi-
arithmetic

4, 13, 22, 32, 40,... o3 Beginning with 4, each term is obtained by adding 9 to the
previous one, so every member of the sequence is a number
that leaves a remainder of 4 when divided by 9.

3

P15 quasi-
arithmetic

4, 13, 22, 32, 40,... o4-mini Each consecutive gap cycles through adding nine, then nine
again, then ten, and then eight.

2

P16 quasi-
arithmetic

4, 13, 22, 32, 40,... Gemini2.5 Each term after the first is found by adding an amount from a
repeating four-step cycle.

2

P17 difference 5, 14, 29, 50, 77,... GPT-4.1 In this series, each term increases by consecutive odd numbers
multiplied by three: specifically, the difference between each
consecutive pair rises by 6 each time (i.e., 9, 15, 21, 27, ...), so
each term adds six more than the previous difference.

1

P18 difference 5, 14, 29, 50, 77,... o3 The difference between consecutive terms rises by six each
time (9, 15, 21, 27, . . . ), so the nth term is given by 3n2 + 2.

1

P19 difference 5, 14, 29, 50, 77,... o4-mini Each term equals three times the square of its position in the
sequence plus two.

2

P20 difference 5, 14, 29, 50, 77,... Gemini2.5 The regularity is that the difference between consecutive terms
increases by a fixed value.

1

P21 difference 5, 14, 29, 50, 77,... Llama3.3 The series appears to be formed by adding 9, then 15, then
21, and so on, increasing the increment by 6 each time, which
suggests a quadratic or second-order relationship between the
terms.

1

Table 5: Descriptions to be tested for the regularity description evaluator model, with author-provided annotations.
The annotated numbers correspond to the options shown in Fig. 2. The descriptions in P5, P6, and P12 were
obtained using the random-allowing prompt (Fig. 3).
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Exp ID GPT-4.1 o3 o4-mini Gemini2.5 Llama3.3 Annotation
P1 3 3 3 3 3 3
P2 1 3 4 2 1 3
P3 3 3 4 3 3 3
P4 1 1 4 1 3 2
P5 4 4 1 1 2 1 or 4
P6 1 4 1 1 1 1 or 4
P7 3 3 3 3 3 3
P8 2 1 1 1 2 2
P9 3 3 3 3 3 3
P10 1 3 3 2 3 2
P11 3 3 3 3 3 3
P12 4 4 1 1 1 1 or 4
P13 3 3 3 3 3 3
P14 2 3 3 3 3 3
P15 1 2 2 1 1 2
P16 3 2 1 1 3 2
P17 1 1 1 1 1 1
P18 1 1 1 1 1 1
P19 1 1 1 1 1 2
P20 1 1 1 1 1 1
P21 1 1 1 1 1 1
Correct count 14 17 14 15 14
Accuracy 66.7% 81.0% 66.7% 71.4% 66.7%

Table 6: Result of the preliminary experiment to select the evaluation model for the main experiment, tested with
the dataset shown in Table 5. Boldface in the option numbers shows correct evaluations. Boldface in the correct
count and accuracy show the best case.

ing for these errors. In the random-increasing and
random cases, although no clear patterns are appar-
ent, the regularity descriptions successfully explain
all the values in the series. As mentioned in the
main text, we do not require the rule descriptions to
be capable of reproducing all numbers in the series.
Instead, a description is considered valid as long as
it does not contradict the given values. Thus, the
descriptions are deemed valid.

Examples of invalid regularity descriptions are
listed in Table 8. We did not include cases from
the arithmetic series, as all instances were correctly
identified. In the geometric series, the common
ratio is a fixed factor, not an increasing one. For
the difference series, the change from 14 to 23 is 9,
which is not a prime number. The explanations for
the quasi-arithmetic, quasi-geometric, and quasi-
difference series correspond to the pure forms of
each series type, without accounting for deviations.
In the random-increasing explanation, only the first
three terms are addressed, and the explanation is
inconsistent with the remaining two terms. The

explanation for the random case only accounts for
the difference between the first two terms.

12726



Category Number series Model Result
arithmetic 1, 9, 17, 25, 33, ... Llama3.3 The series is formed by adding 8 to the previous term,

starting from 1, to generate a sequence of numbers that
increase by a consistent difference.

geometric 7,−21, 63,−189,
567, ...

GPT-4.1 Each term in the series is obtained by multiplying the
previous term by -3.

difference 9, 10, 15, 24, 37,
...

o3 Beginning with nine, each subsequent term is produced
by adding consecutive odd increments that themselves
rise by four (1, then 5, then 9, then 13, and so on).

quasi-
arithmetic

6, 14, 23, 30, 38,
...

o4-mini Each term is generated from the previous one by cycli-
cally adding 8, then 9, then 7, and repeating that cycle.

quasi-
geometric

1,−5, 25,−125,
626, ...

Gemini2.5 The series generally follows a pattern of powers of -
5, but the fifth term listed is one greater than this rule
suggests.

quasi-
difference

2, 11, 20, 32, 44,
...

Llama3.3 The regularity in the series is obtained by adding 9,
then 9, then 12, and then 12, and so on, increasing the
increment by 3 after every two steps.

random-
increasing

20, 30, 33, 41, 51,
...

GPT-4.1 Each term in the series alternately increases by 10 and
then by 3 or 8 in succession.

random 86, 24, 59, 48, 32,
...

o3 The sequence consists of two intertwined arithmetic
progressions: the numbers in the odd positions fall by
twenty-seven each time, whereas those in the even posi-
tions rise by twenty-four on every move.

Table 7: Examples of successful regularity descriptions, confirmed by human evaluation, selected from cases
deemed valid.

Category Number series Model Result
geometric 4, 20, 100, 500,

2500, ...
Llama3.3 The series progresses by multiplying the previous term

by a increasing factor, starting with 5, to generate the
next term.

difference 9, 14, 23, 36, 53,
...

GPT-4.1 In this series, each term (starting from the second) is
obtained by adding consecutive prime numbers to the
previous term.

quasi-
arithmetic

1, 9, 17, 25, 32, ... o3 It is simply an arithmetic progression in which every new
element is produced by adding eight to the one before it.

quasi-
geometric

8,−16, 33,−64,
128, ...

o4-mini Each term alternates in sign and its absolute value dou-
bles that of the term before it.

quasi-
difference

7, 15, 30, 52, 80,
...

Gemini2.5 The difference between consecutive terms increases by
seven.

random-
increasing

5, 8, 14, 24, 31, ... GPT-4.1 Each number in the series is formed by alternately
adding 3 and then 6 to the previous number.

random 54, 74, 24, 5, 23,
...

o3 Every succeeding term is obtained from the preceding
one by reversing its digits and then adding or subtracting
29 alternately.

Table 8: Examples of unsuccessful regularity descriptions, confirmed by human evaluation, selected from cases
deemed invalid.
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