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Abstract

Temporal reasoning and knowledge are essen-
tial capabilities for language models (LMs).
While much prior work has analyzed and im-
proved temporal reasoning in LMs, most stud-
ies have focused solely on the Gregorian cal-
endar. However, many non-Gregorian systems,
such as the Japanese, Hijri, and Hebrew cal-
endars, are in active use and reflect culturally
grounded conceptions of time. If and how well
current LMs can accurately handle such non-
Gregorian calendars has not been evaluated so
far. Here, we present a systematic evaluation
of how well language models handle one such
non-Gregorian system: the Japanese wareki.
We create datasets that require temporal knowl-
edge and reasoning in using wareki dates. Eval-
uating open and closed LMs, we find that some
models can perform calendar conversions, but
GPT-4o, Deepseek V3, and even Japanese-
centric models struggle with Japanese calen-
dar arithmetic and knowledge involving wareki
dates. Error analysis suggests corpus frequency
of Japanese calendar expressions and a Grego-
rian bias in the model’s knowledge as possible
explanations. Our results show the importance
of developing LMs that are better equipped for
culture-specific tasks such as calendar under-
standing. 1

1 Introduction

The training data of English-centric Language Mod-
els (LMs) predominantly assumes the Gregorian
calendar as the default temporal framework. How-
ever, many cultures use non-Gregorian calendar
systems such as the Islamic hijri calendar, the He-
brew calendar, or the Japanese calendar wareki.
The Hijri calendar guides both religious obser-
vances and civil matters in Islamic countries, while
the Hebrew calendar remains essential for Jewish
religious traditions. The wareki system plays an
important role in contemporary Japan, appearing

1 github.com/cl-tohoku/Non-Gregorian-Calendar

in official documents, driver’s licenses, and com-
memorative items. Hence, LMs need to be capable
of handling such systems to achieve cultural com-
petence. For example, since the wareki system is
widely used in Japan, LMs encounter wareki dates
in virtually all NLP tasks. For example, a Japanese
information retrieval query like “retrieve all rele-
vant documents from the last 10 years” might cross
era boundaries (Fig. 1) and in cross-cultural set-
tings involving different calendar systems, tasks
like machine translation and cross-lingual infor-
mation retrieval require translating dates across
calendars.

Although the importance of incorporating cul-
tural perspectives into language models is increas-
ingly recognized (Shen et al., 2024; Pawar et al.,
2024) and efforts have been made to build cultural
commonsense benchmarks across languages and
regions (Khairallah et al., 2024; Kim et al., 2024;
Wang et al., 2024), little attention has been paid to
culturally grounded temporal expressions such as
calendars. Recent work has evaluated date arith-
metic (Wang and Zhao, 2024; Gaere and Wangen-
heim, 2025; Chu et al., 2024), temporal reason-
ing (Chen et al., 2021), date format understand-
ing (Bhatia et al., 2025a,b), and has analyzed the
impact of tokenization (Bhatia et al., 2025a) and in-
ternal representations (Heinzerling and Inui, 2024;
El-Shangiti et al., 2025) on calendar-based reason-
ing in LMs, but these efforts exclusively used the
Gregorian calendar.

Here, we focus on wareki as a representative non-
Gregorian system, motivated by its widespread use
in Japan, its relative complexity, and the availability
of both English- and Japanese-centric open models
for cross-linguistic comparison. The wareki system
divides time into eras, each starting from year 1.
Since the end of an era is tied to major historical
events such as imperial succession, their lengths are
irregular; Meiji, Taisho, Showa, Heisei lasted 45,
15, 64, and 31 years, respectively, and the end of the
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Figure 1: In the Japanese calendar (wareki), years are expressed using era names, which change irregularly according
to historic events such as an emperor’s accession. For example, the Reiwa era began on May 1, 2019, with the
accession of Emperor Naruhito, so 2020 corresponds to Reiwa 2. In addition to showing the five eras of modern
Japan (bottom) in relation to the Gregorian calendar (top), this figure illustrates three tasks designed to evaluate
how LMs handle wareki system: (1) CALENDARCONVERSION between Gregorian calendar and wareki; (2)
JAPANESECALENDARARITHMETIC across era boundaries; (3) BIRTHYEARRECALL in both calendar systems.

current Reiwa is unknown. A further complication
is that a Gregorian year can span two eras if an
era transition occurs in that year. For example, the
year 2019 corresponds to Heisei 31 until April 30
and then becomes Reiwa 1 from May 1. In non-
transition years, a Gregorian year maps exactly to
one wareki year, such as 2020 = Reiwa 2.

Given these properties of wareki, we designed
three evaluation tasks in English and Japanese, fo-
cusing on both factual knowledge and reasoning
(Fig. 1). Our evaluation of four English-centric
open-source models, five Japanese-centric open-
source models, and two frontier models shows that
English-centric models face considerable difficul-
ties with conversions and reasoning. In contrast,
Japanese-centric models and the frontier models
demonstrated relatively good performance in a sim-
ple format conversion task. Similarly, they strug-
gled with more complex tasks, such as reasoning
across era transitions and recalling birth years in the
Japanese calendar. Furthermore, our error analysis
revealed that the accuracy of the wareki reasoning
task for each era is strongly correlated with the cor-
pus frequency of wareki expressions, and that the
performance in the wareki recall task is influenced
by the Gregorian bias of the model’s knowledge.
Considering the widespread use of wareki by over
100 million people in Japan and Japanese being
a high-resource language, our findings highlight
a surprisingly low capability in Japanese-centric
LMs. In a broader context, we hope to encourage
further work aimed at evaluating and improving
culture-specific temporal reasoning.

2 How well do English-centric and
Japanese-centric LMs handle wareki?

To evaluate LMs’ ability to handle the Japanese
calendar wareki, we design three tasks that tar-
get distinct aspects of calendar reasoning: CAL-
ENDARCONVERSION (§ 2.1), JAPANESECAL-
ENDARARITHMETIC(§ 2.2), and BIRTHYEAR-
RECALL(§ 2.3). Our analysis, based on the syn-
thetic data we created (see App. A for details), cov-
ers the five Japanese eras from 1868 to the present:
Meiji, Taisho, Showa, Heisei, and Reiwa. We eval-
uate eleven language models in total, including five
Japanese-centric models (llm-jp-3-13b (LLM-jp,
2024), sarashina2-13b, Swallow-13b (Fujii et al.,
2024; Okazaki et al., 2024), Swallow-MS-7b, and
Llama3-Swallow-8B), four English-centric mod-
els (Llama-2-7B, Llama-2-13B (Touvron et al.,
2023), Mistral-7B (Jiang et al., 2023), and Llama3-
8B (Grattafiori et al., 2024)), and two frontier mod-
els, GPT-4o (OpenAI et al., 2024) and DeepSeek
V3 (DeepSeek-AI et al., 2025)(models details in
App. C). Japanese-centric LMs are prompted in
Japanese, while English-centric LMs are prompted
in English, using few-shot prompts to encourage
format adherence . For GPT-4o and DeepSeek V3,
we use both Japanese and English few-shot prompts
(prompt details in App. B).

We adopted greedy decoding with deterministic
outputs. For CALENDARCONVERSION, we used
a single prompt (since paraphrases did not appear
to have any impact in preliminary experiments),
while for JAPANESECALENDARARITHMETIC, and
BIRTHYEARRECALL, we used multiple prompt
variants and report aggregated scores.
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Section 2.1: CALENDARCONVERSION
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Figure 2: Performance on CALENDARCONVERSION
(Gregorian→Japanese setting). Japanese-centric LMs
(red labels) and frontier LMs (purple labels) perform
nearly perfectly across all eras. Some English-centric
LMs (blue labels) fail even at simple conversions.

2.1 CALENDARCONVERSION

Settings. This task evaluates the ability to convert
years between the Gregorian calendar and wareki.
We constructed a dataset of corresponding Grego-
rian and wareki years for the Meiji (1868–1912),
Taisho (1912–1926), Showa (1926–1989), and Hei-
sei (1989–2019) eras. In this task, an LM prompted
“In the Japanese calendar, 1804 corresponds to
Bunka 1. In the Japanese calendar, 1992 corre-
sponds to” should output “Heisei 4”.2

For each era, we measure conversion accuracy
in both directions. For Gregorian targets, accuracy
is defined as: 1

N

∑N
i=1 1(ŷi = yi), where ŷi and

yi are the predicted and target Gregorian year for
instance i, N the number of instances, and 1 the
indicator function. For wareki targets, accuracy is
defined as: 1

N

∑N
i=1 1(Êi = Ei ∧ x̂i = xi), where

Ei and xi are the target era and year in the era (e.g.
“Heisei” and “4” in “Heisei 4”), and Êi and x̂i are
the corresponding model predictions.

Results. Fig. 2 shows the accuracy of Gregorian-
to-Japanese CALENDARCONVERSION. Japanese-
centric models, GPT-4o, and DeepSeek V3 con-
sistently achieved near-perfect accuracy across all
eras, demonstrating strong conversion capability.
In contrast, English-centric LMs show large varia-
tions in performance across models and eras. For
example, 13B English LMs achieved over 90% ac-

2For fairness across eras, one-shot examples are from eras
not included in our evaluation, e.g., Bunka, Koka, or Tenpo.

Section 2.2: JAPANESECALENDARARITHMETIC
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Figure 3: Performance on JAPANESECALEN-
DARARITHMETIC. A large performance gap is
observed between Japanese-centric LMs (red labels)
and English-centric LMs (blue labels). Even frontier
LMs (purple labels) struggle with this task.

curacy across all eras, whereas Llama-2-7b and
Mistral-7B achieved much lower accuracy.

2.2 JAPANESECALENDARARITHMETIC

Settings. This task evaluates the ability to per-
form date arithmetic across wareki era boundaries.
Specifically, we select a date within a five-year
window before each era transition, as well as the
date ten years after. We sampled 500 unique and
non-overlapping dates for each era. In this task,
LMs are required to answer the year that is ten
years after the given input date. Each instance
is constructed so that an era transition always oc-
curs, from the input-side era (referred to as the
pre-era) to the output-side era (referred to as the
post-era). For example, when prompted “Ten years
after March 8, Tenpo 14 is March 8, Koka 3. Ten
years after September 19, Heisei 27 is” the LM
should answer “September 19, Reiwa 7”. We eval-
uate models using the accuracy. It is defined as the
ratio of outputs that exactly match the correct date:
1
N

∑N
i=1 1(Ei = Êi ∧ xi = x̂i).

Results. Fig. 3 shows the results for JAPANESE-
CALENDARARITHMETIC. All Japanese-centric
and English-centric LMs showed low accu-
racy on early era transitions (Meiji→Taisho and
Taisho→Showa). Even a frontier LM, DeepSeek
V3, struggled with the era transitions of these era
pairs. In contrast, for more recent transitions such
as Heisei→Reiwa and Showa→Heisei, Japanese-
centric LMs demonstrated notably better perfor-
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Section 2.3: BIRTHYEARRECALL
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Figure 4: Comparison of BIRTHYEARRECALL accu-
racy in both Gregorian and wareki formats. The diago-
nal marks equal accuracy; below it indicates a Grego-
rian bias. Even Japanese-centric LMs and frontier LMs
exhibit a strong bias towards the Gregorian calendar,
and Japanese-centric LMs perform comparatively better
with the Japanese calendar than English-centric LMs.

mance. For example, llm-jp-3-13b achieved accu-
racies of 0.99 and 0.82, respectively. On the other
hand, English-centric LMs showed almost zero or
very low accuracy even for recent eras.

Evaluation using a more lenient metric (App. E)
revealed that the performance gap between
Japanese and English models mainly stems from
their handling of same-year transitions (e.g., Heisei
31 → Reiwa 1 in 2019). Specifically, English mod-
els often fail to recognize such transitions, whereas
Japanese models tend to handle them correctly.

2.3 BIRTHYEARRECALL

Settings. This task measures the ability to re-
call the birth year of Japanese individuals. We
extracted 300 Japanese individuals per era from
Wikidata, filtering for entities with at least 20 re-
lations. For example, given the three-shot prompt
“According to the Japanese calendar, Ieyasu Toku-
gawa was born in Tenmon 11. (· · · ). According
to the Japanese calendar, Mao Asada was born in”
the model should answer “Heisei 2”. We evaluate
models using accuracy, which is an exact match of
the prediction and the target. For Gregorian output,
accuracy is 1

N

∑N
i=1 1(ŷi = yi). For wareki output,

the prediction must match both the era and the year
within the era: 1

N

∑N
i=1 1(Ei = Êi ∧ xi = x̂i).

Results. Fig. 4 compares the accuracy of
BIRTHYEARRECALL in Gregorian (x-axis) versus
Japanese calendar years (y-axis). The results indi-
cate that all models exhibit a clear bias toward the
Gregorian calendar, indicating that even Japanese-

Section 3.1: Analysis of typical errors
Out-of-range error (JAPANESECALENDARARITHMETIC)
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Figure 5: Analysis of why many models fail from the
perspectives of typical error patterns. In JAPANESECAL-
ENDARARITHMETIC, out-of-range errors (e.g., gener-
ating “Heisei 37”) may contribute to failures in newer
eras. In BIRTHYEARRECALL, Gregorian bias errors
(responding in Gregorian years despite 3-shot wareki
prompts) cause failures, especially in newer eras.

centric LMs mainly store birth years in the Grego-
rian format. While English-centric LMs perform
poorly on wareki recall, Japanese-centric and fron-
tier LMs show reasonable ability, though they still
do better with the Gregorian calendar overall.

Moreover, evaluation using a more lenient metric
(App. F) suggests that models may roughly recall
the birth year at the era level or that minor shifts
arise during internal conversions from the Grego-
rian to the Japanese calendar.

Furthermore, we also examined the consistency
of BIRTHYEARRECALL across different calen-
dar systems (Japanese and Gregorian) by measur-
ing the percentage of individuals for whom the
model also correctly recalled the Gregorian year,
given that it had already correctly recalled the
wareki birth year (App. G). As a result, while some
Japanese-centric models achieved over 80% con-
sistency, others remained around 50%, indicating
that even among Japanese-centric models, there is
substantial variation in how knowledge related to
the Gregorian and Japanese calendars is recalled.

3 Discussion

3.1 Analysis of typical errors

To gain an understanding of model failure modes,
we analyzed typical errors.

In the JAPANESECALENDARARITHMETIC, we
examined the proportion of out-of-range errors
(e.g., generating “Heisei 37” even though the Hei-
sei era ended at year 31). Fig. 5 (top) shows that
such an error was particularly pronounced during
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Section 3.2: Analysis of estimated corpus frequency
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Figure 6: Analysis of why many models fail from the perspective of estimated corpus frequency. For llm-jp-3-13b,
the only model with a public corpus, frequency analysis suggests that missing wareki expressions cause failures in
JAPANESECALENDARARITHMETIC, while Gregorian bias explains lower accuracy in BIRTHYEARRECALL.

the Heisei→Reiwa transition across several LMs.
This result suggests that in later eras, out-of-range
errors are one of the causes of failure.

For BIRTHYEARRECALL, we examined the pro-
portion of Gregorian bias errors for each era. This
analysis focused on cases where models, despite
being given three-shot wareki examples designed to
induce Japanese calendar responses, still produced
answers in Gregorian years. As shown in Fig. 5
(bottom), this error is particularly pronounced in
recent eras across all Japanese models, suggest-
ing that Gregorian bias may hinder their ability to
accurately recall years in wareki format.

3.2 Analysis of estimated corpus frequency

Among the models investigated in this study, we
examined llm-jp-3-13b, the only Japanese model
with a publicly available pretraining corpus, trained
on the llm-jp-corpus-v3 (Enomoto et al., 2024). We
used Infini-gram (Liu et al., 2024) to count year
expressions in the pretraining corpus.

In JAPANESECALENDARARITHMETIC, we an-
alyzed the correlation between the frequency of
wareki year occurrences and the accuracy of this
task. We prepared Japanese expressions of wareki
ranging from Meiji 1 to Reiwa 11 and measured
their frequencies in the corpus. For each era, we
calculated the average frequency across its con-
stituent years. The results suggest a correlation
between task accuracy and the corpus frequency
of post-era Japanese calendar expressions (Fig. 6,
left). In fact, the Pearson correlation coefficient be-
tween pre-era frequency and accuracy was 0.5086

(p = 0.4914), whereas that between post-era fre-
quency and accuracy was much stronger, at 0.9959
(p = 0.0041). This indicates that the poor perfor-
mance likely stems from the underrepresentation
of post-era expressions in the pretraining data.

In contrast, no positive correlation was observed
between the frequency of wareki year expressions
and the accuracy in BIRTHYEARRECALL. To in-
vestigate further, we measured the frequencies of
both wareki and corresponding Gregorian-year ex-
pressions in the corpus, averaged them within each
era (from Meiji to Heisei), and calculated the ratio
of Gregorian-year to wareki expression frequen-
cies. This ratio showed a strong positive corre-
lation with the accuracy of BIRTHYEARRECALL

averaged over era (Fig. 6, right), and the Pearson
correlation was 0.9367 (p = 0.0633). This suggests
that in later eras, wareki expressions appear rela-
tively less frequently in the corpus than Gregorian
ones, which may underlie the models’ failures.

4 Conclusions

This work analyzed whether LMs can handle the
Japanese calendar, a non-Gregorian calendar. We
evaluated models on tasks involving conversion,
arithmetic, and factual recall. While Japanese-
centric LMs and frontier LMs handle basic con-
versions, most models struggle with more complex
tasks and show inconsistent behavior. Our findings
highlight the need to understand the model limita-
tions when dealing with non-Gregorian calendar
systems and motivate future research investigating
the causes of the revealed failures.
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Limitations

While our work reveals LMs have difficulty in han-
dling the Japanese calendar, it has several limita-
tions.

First, our study focuses only on the Japanese
calendar. Among our three tasks, CALENDAR-
CONVERSION and BIRTHYEARRECALL can be
extended to other calendars using date pairs or bio-
graphical data. On the other hand, JAPANESECAL-
ENDARARITHMETIC is specific to wareki, where
eras change irregularly with imperial succession.
We believe that, when extending this line of re-
search to other calendar systems, it is crucial to
design similarly system-specific tasks that reflect
each calendar system’s unique temporal structure.
For example, with the Hijri calendar, one could
ask which Gregorian season Ramadan falls in for
a given year. The task will test whether models
understand how lunar cycles shift the timing of
Ramadan across seasons.

Second, our evaluation relies on prompt-based
testing and subsequent error analysis based on typi-
cal error patterns and corpus frequency, rather than
directly examining the internal representations of
calendrical knowledge. While this analysis pro-
vides valuable insights into potential sources of er-
ror, it has limitations in identifying their causes in a
direct, detailed manner. Future work could employ
probing or mechanistic interpretability methods to
more precisely identify error sources and propose
remedies.

Third, among currently available Japanese-
centric models, llm-jp-3-13b is the only one with
publicly released training data. Therefore, the dis-
tribution of calendar-related expressions in other
models’ training data remains unknown. The
release of pretraining data from more Japanese-
centric models may help explain performance dif-
ferences across models.

Ethical Considerations

All data created and/or used in this work was
synthetically generated and/or derived from Wiki-
data, a public knowledge base released under the
CC0 1.0 Universal license. As such, we do not
foresee any ethical concerns regarding personally
identifying information or offensive content. Also,
the llm-jp-corpus-v3 (Enomoto et al., 2024) used
in § 3 is publicly available.

All language models used in this study are pub-
licly available. We strictly adhered to the terms and

conditions of each model’s license, including, but
not limited to, those released under the Meta Llama
and Mistral licensing terms.

During the development of code and the writ-
ing of this paper, we made use of AI assistants,
including large language models. All code snippets
and textual content generated with the assistance of
such tools were carefully reviewed and revised by
the authors to ensure scientific integrity, accuracy,
and ethical compliance.
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A Datasets

The datasets used in each task are presented in Tbl. 1 for CALENDARCONVERSION, Tbl. 2 and Tbl. 3 for
JAPANESECALENDARARITHMETIC, and Tbl. 4 for BIRTHYEARRECALL.

For CALENDARCONVERSION, we constructed a dataset of corresponding Gregorian and wareki years
for the Meiji (1868–1912), Taisho (1912–1926), Showa (1926–1989), and Heisei (1989–2019) eras.

For JAPANESECALENDARARITHMETIC, we sampled 500 unique and non-overlapping dates for each
era. In the after-ten-years setting, dates were randomly selected from the last five years of the Meiji,
Taisho, Showa, and Heisei eras. In the before-ten-years setting, dates were taken from the first five years
of the Taisho, Showa, Heisei, and Reiwa eras. To ensure temporal precision at era boundaries, we carefully
constructed the dataset such that, for example, Heisei dates end on April 30, Heisei 31, and Reiwa dates
begin on May 1, Reiwa 1. This ensures that the model must reason across era boundaries to generate a
correct answer.

For BIRTHYEARRECALL, we extracted 300 Japanese individuals per era from Wikidata, filtering for
entities with at least 20 relations. In total, 1,200 individuals were sampled across the Meiji, Taisho, Showa,
and Heisei eras. The distribution of birth year data for the individuals is shown in Fig. 7. Each entry
includes the individual’s name and birth year in both Japanese and English formats to accommodate
prompts in both languages.

B Prompts

The prompts used for the four tasks in our experiments are summarized in Tbl. 5. For each task, we
prepared both English and Japanese versions of the prompts. English prompts were used with English-
centric models, and Japanese prompts were used with Japanese-centric models. In frontier models
(GPT-4o and DeepSeekV3), since these models can handle both Japanese and English prompts, we use
both Japanese and English prompts. To ensure consistency, we used the same user prompts as for the
other models. Also, to induce responses in the intended format, we set the system prompt as follows:

Japanese: "あなたは和暦とグレゴリオ暦の専門家です。以下に続くように文章を答えのみ生
成してください。"

English: "You are an expert in the Japanese and Gregorian calendars. Please generate only the answer
that continues from the text below."

For CALENDARCONVERSION, the prompts request conversion between Gregorian and wareki dates, in
both directions. A one-shot example was provided before the prompt to ensure that the model outputs the
answer in the correct format, either as a four-digit year for Gregorian dates or as a combination of an era
name and a year for Japanese dates.

For JAPANESECALENDARARITHMETIC, the prompts ask about the year ten years before or after a
given date, often across era boundaries. As with the previous task, a one-shot example was shown in
advance to guide the model toward the correct output format (e.g.,“August 29, Reiwa 10”).

For BIRTHYEARRECALL, the prompts asked for the birth year of a Japanese individual in either the
Gregorian calendar or the wareki. We provided three-shot examples before the prompt to help the model
produce answers in the correct format, either as a four-digit number for Gregorian dates or as an era name
followed by a year for Japanese dates.

C Models

We use four English-centric models: Llama-2-7B, Llama-2-13B (Touvron et al., 2023), Mistral-7B (Jiang
et al., 2023), and Llama-3.1-8B (Grattafiori et al., 2024). For Japanese-centric models, we include two
trained from scratch in Japanese (llm-jp-3-13b (LLM-jp, 2024) and sarashina2-13b), and three models
continued pretraining in Japanese: Swallow-13b (Fujii et al., 2024; Okazaki et al., 2024), Swallow-MS-7b,
and Llama3-Swallow-8B. All experiments were conducted using a single RTX 6000 Ada (48GB) GPU.
Also, we used GPT-4o (OpenAI et al., 2024) and DeepSeek V3 (DeepSeek-AI et al., 2025) as comparative
baselines for the frontier models.
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Figure 7: The distribution of birth-year data used in BIRTHYEARRECALL. The horizontal axis represents the
year, and the vertical axis represents the number of data samples. The letters M, T, S, and H on the horizontal
axis correspond to Meiji, Taisho, Showa, and Heisei, respectively. Years without bars indicate that there are zero
samples for individuals born in that year. As mentioned in § 2.3, a total of 300 individuals were sampled for each
era, resulting in 1,200 data samples in total.
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Era Lang # Gregorian Japanese

Meiji en 1 1868 Meiji 1
Meiji en 2 1869 Meiji 2

...
...

...
...

...
Meiji en 45 1912 Meiji 45

Meiji ja 1 1868年 明治1年
Meiji ja 2 1869年 明治2年

...
...

...
...

...
Meiji ja 45 1912年 明治45年

Taisho en 1 1912 Taisho 1
Taisho en 2 1913 Taisho 2

...
...

...
...

...
Taisho en 15 1926 Taisho 15

Taisho ja 1 1912年 大正1年
Taisho ja 2 1913年 大正2年

...
...

...
...

...
Taisho en 15 1926年 大正15年

Showa en 1 1926 Showa 1
Showa en 2 1927 Showa 2

...
...

...
...

...
Showa en 64 1989 Showa 64

Showa ja 1 1926年 昭和1年
Showa ja 2 1927年 昭和2年

...
...

...
...

...
Showa ja 64 1989年 昭和64年

Heisei en 1 1989 Heisei 1
Heisei en 2 1990 Heisei 2

...
...

...
...

...
Heisei en 31 2019 Heisei 31

Heisei ja 1 1989年 平成1年
Heisei ja 2 1990年 平成2年

...
...

...
...

...
Heisei ja 31 2019年 平成31年

Table 1: Dataset used for CALENDARCONVERSION
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Era Lang # Date (Japanese calendar) Gold date (Japanese calendar)

Meiji en 1 August 24, Meiji 41 August 24, Taisho 7
Meiji en 2 April 30, Meiji 42 April 30, Taisho 8

...
...

...
...

...
Meiji en 500 August 1, Meiji 42 August 1, Taisho 8

Meiji ja 1 明治41年8月24日 大正7年8月24日
Meiji ja 2 明治42年4月30日 大正8年4月30日

...
...

...
...

...
Meiji ja 500 明治42年8月1日 大正8年8月1日

Taisho en 1 November 13, Taisho 12 November 13, Showa 8
Taisho en 2 February 5, Taisho 12 February 5, Showa 8

...
...

...
...

...
Taisho en 500 November 23, Taisho 15 November 23, Showa 11

Taisho ja 1 大正12年11月13日 昭和8年11月13日
Taisho ja 2 大正12年2月5日 昭和8年2月5日

...
...

...
...

...
Taisho ja 500 大正15年11月23日 昭和11年11月23日

Showa en 1 December 11, Showa 63 December 11, Heisei 10
Showa en 2 September 22, Showa 62 September 22, Heisei 9

...
...

...
...

...
Showa en 500 April 7, Showa 63 April 7, Heisei 10

Showa ja 1 昭和63年12月11日 平成10年12月11日
Showa ja 2 昭和62年9月22日 平成9年9月22日

...
...

...
...

...
Showa ja 500 昭和63年4月7日 平成10年4月7日

Heisei en 1 November 9, Heisei 28 November 9, Reiwa 8
Heisei en 2 December 24, Heisei 30 December 24, Reiwa 10

...
...

...
...

...
Heisei en 500 February 27, Heisei 31 February 27, Reiwa 11

Heisei ja 1 平成28年11月9日 令和8年11月9日
Heisei ja 2 平成30年12月24日 令和10年12月24日

...
...

...
...

...
Heisei ja 500 平成31年2月27日 令和11年2月27日

Table 2: Dataset used for JAPANESECALENDARARITHMETIC (add ten years)
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Era Lang # Date (Japanese calendar) Gold date (Japanese calendar)

Taisho en 1 August 28, Taisho 5 August 28, Meiji 39
Taisho en 2 December 22, Taisho 4 December 22, Meiji 38

...
...

...
...

...
Taisho en 500 September 20, Taisho 4 September 20, Meiji 38

Taisho ja 1 大正5年8月28日 明治39年8月28日
Taisho ja 2 大正4年12月22日 明治38年12月22日

...
...

...
...

...
Taisho ja 500 大正4年9月20日 明治38年9月20日

Showa en 1 January 21, Showa 6 January 21, Taisho 10
Showa en 2 October 29, Showa 6 October 29, Taisho 10

...
...

...
...

...
Showa en 500 February 19, Showa 2 February 19, Taisho 6

Showa ja 1 昭和6年1月21日 大正10年1月21日
Showa ja 2 昭和6年10月29日 大正10年10月29日

...
...

...
...

...
Showa ja 500 昭和2年2月19日 大正6年2月19日

Heisei en 1 January 25, Heisei 1 January 25, Showa 54
Heisei en 2 September 4, Heisei 1 September 4, Showa 54

...
...

...
...

...
Heisei en 500 May 29, Heisei 1 May 29, Showa 54

Heisei ja 1 平成1年1月25日 昭和54年1月25日
Heisei ja 2 平成1年9月4日 昭和54年9月4日

. . . . . . . . . . . . . . .
Heisei ja 500 平成1年5月29日 昭和54年5月29日

Reiwa en 1 July 7, Reiwa 4 July 7, Heisei 24
Reiwa en 2 September 19, Reiwa 3 September 19, Heisei 23

...
...

...
...

...
Reiwa en 500 July 4, Reiwa 5 July 4, Heisei 25

Reiwa ja 1 令和4年7月7日 平成24年7月7日
Reiwa ja 2 令和3年9月19日 平成23年9月19日

...
...

...
...

...
Reiwa ja 500 令和5年7月4日 平成25年7月4日

Table 3: Dataset used for JAPANESECALENDARARITHMETIC (subtract ten years)
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Era Lang # Name Birth year (Gregorian) Birth year (Japanese)

Meiji en 1 Bunji Tsushima 1898 Meiji 31
Meiji en 2 Heinosuke Gosho 1902 Meiji 35

...
...

...
...

...
...

Meiji en 300 Kikuko, Princess Takamatsu 1911 Meiji 44

Meiji ja 1 津島文治 1898年 明治31年
Meiji ja 2 五所平之助 1902年 明治35年

...
...

...
...

...
...

Meiji ja 300 宣仁親王妃喜久子 1911年 明治44年

Taisho en 1 Tetsuo Takaha 1926 Taisho 15
Taisho en 2 Kiyoshi Ito 1915 Taisho 4

...
...

...
...

...
...

Taisho en 300 Yozo Matsushima 1921 Taisho 10

Taisho ja 1 高羽哲夫 1926年 大正15年
Taisho ja 2 伊藤清 1915年 大正4年

...
...

...
...

...
...

Taisho ja 300 松島与三 1921年 大正10年

Showa en 1 Hiroshi Katsuno 1949 Showa 24
Showa en 2 Homare Sawa 1978 Showa 53

...
...

...
...

...
...

Showa en 300 Hideki Matsui 1974 Showa 49

Showa ja 1 勝野洋 1949年 昭和24年
Showa ja 2 澤穂希 1978年 昭和53年

...
...

...
...

...
...

Showa ja 300 松井秀喜 1974年 昭和49年

Heisei en 1 Miyuri Shimabukuro 1994 Heisei 6
Heisei en 2 Sakura Miyawaki 1998 Heisei 10

...
...

...
...

...
...

Heisei en 300 Maimi Yajima 1992 Heisei 4

Heisei ja 1 島袋美由利 1994年 平成6年
Heisei ja 2 宮脇咲良 1998年 平成10年

...
...

...
...

...
...

Heisei ja 300 矢島舞美 1992年 平成4年

Table 4: Dataset used for BIRTHYEARRECALL
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Task Type Lang Option # Prompt(example)

CALENDARCONVERSION en GtoJ 1 In the Japanese calendar, the year 1992 corresponds to
CALENDARCONVERSION en JtoG 1 In the Gregorian calendar, Heisei 4 corresponds to the year
CALENDARCONVERSION ja GtoJ 1 平成4年を西暦に変換すると、
CALENDARCONVERSION ja JtoG 1 1992年を和暦に変換すると、

JAPANESECALENDARARITHMETIC en +10yr 1 Ten years after August 29, Heisei 30 is
JAPANESECALENDARARITHMETIC en +10yr 2 If you go forward 10 years from August 29, Heisei 30, you get
JAPANESECALENDARARITHMETIC en +10yr 3 The date 10 years after August 29, Heisei 30 is
JAPANESECALENDARARITHMETIC en -10yr 1 Ten years before April 27, Heisei 3 is
JAPANESECALENDARARITHMETIC en -10yr 2 If you go back 10 years from April 27, Heisei 3, you get
JAPANESECALENDARARITHMETIC en -10yr 3 The date 10 years prior to April 27, Heisei 3 is
JAPANESECALENDARARITHMETIC ja +10yr 1 平成30年8月29日の10年後は
JAPANESECALENDARARITHMETIC ja +10yr 2 平成30年8月29日から10年経つと
JAPANESECALENDARARITHMETIC ja +10yr 3 平成30年8月29日に対する10年後の日付は
JAPANESECALENDARARITHMETIC ja -10yr 1 平成3年4月27日の10年前は
JAPANESECALENDARARITHMETIC ja -10yr 2 平成3年4月27日から10年さかのぼると
JAPANESECALENDARARITHMETIC ja -10yr 3 平成3年4月27日に至る10年前の日付は

BIRTHYEARRECALL en G 1 According to the Gregorian calendar, Hideki Matsui was born in
BIRTHYEARRECALL en G 2 The Gregorian calendar states that Hideki Matsui was born in
BIRTHYEARRECALL en G 3 The Gregorian calendar dates Hideki Matsui’s birth to
BIRTHYEARRECALL en J 1 According to the Japanese calendar, Hideki Matsui was born in
BIRTHYEARRECALL en J 2 The Japanese calendar states that Hideki Matsui was born in
BIRTHYEARRECALL en J 3 The Japanese calendar dates Hideki Matsui’s birth to
BIRTHYEARRECALL ja G 1 西暦で松井秀喜が生まれたのは
BIRTHYEARRECALL ja G 2 松井秀喜の誕生年は
BIRTHYEARRECALL ja G 3 松井秀喜の生まれ年は
BIRTHYEARRECALL ja J 1 和暦で松井秀喜が生まれたのは
BIRTHYEARRECALL ja J 2 松井秀喜の誕生年は
BIRTHYEARRECALL ja J 3 松井秀喜の生まれ年は

Table 5: Prompts used for each task. In the Option column, GtoJ and JtoG denote Gregorian to Japanese calendar and
Japanese to Gregorian CALENDARCONVERSION, respectively. +10yr and -10yr indicate addition and subtraction of
ten years in JAPANESECALENDARARITHMETIC. G and J represent prompts requiring output in the Gregorian and
Japanese calendars, respectively. Few-shot examples were added before each prompt to guide the model to respond
in the correct format.

Model name Lang paper Repo name on Huggingface

Llama-2-7b en Touvron et al. (2023) meta-llama/Llama-2-7b
Llama-2-13b en Touvron et al. (2023) meta-llama/Llama-2-13b
Mistral-7B en Jiang et al. (2023) mistralai/Mistral-7B-v0.1
Llama3.1-8B en Grattafiori et al. (2024) meta-llama/Llama-3.1-8B
llm-jp-3-13b ja LLM-jp (2024) llm-jp/llm-jp-3-13b
sarashina2-13b ja - sbintuitions/sarashina2-13b
Swallow-13b ja Fujii et al. (2024); Okazaki et al. (2024) tokyotech-llm/Swallow-13b-hf
Swallow-MS-7b ja - tokyotech-llm/Swallow-MS-7b-v0.1
Llama3-Swallow-8B ja - tokyotech-llm/Llama-3-Swallow-8B-v0.1

Table 6: List of Japanese-centric and English-centric models used in the experiments.
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D CALENDARCONVERSION

Fig. 8 shows the results of CALENDARCONVERSION: from Gregorian to wareki (left) and from wareki
to Gregorian calendar (right). While Japanese-centric models, GPT-4o, and DeepSeek V3 perform near-
perfect conversions in both directions, English-centric models exhibit greater variance across models and
eras, generally showing inferior performance. Nevertheless, some English models, such as Llama3.1-8B,
demonstrate high accuracy in simple conversions. In certain cases, such as Mistral-7B for the Taishō era,
models succeed in only one conversion direction, highlighting asymmetries in their learned representations.

E JAPANESECALENDARARITHMETIC

To show the details of the results in JAPANESECALENDARARITHMETIC, we introduce three metrics: Era
Match, Near Match, and Full Match.

Era Match captures a coarse understanding of Japanese calendar eras and is defined as the ratio of
outputs containing the correct era: 1

N

∑N
i=1 1(Êi = Ei). In the above example, “September 19, Heisei 37”

would be incorrect, as the Heisei era ended before reaching year 37, while “September 20, Reiwa 6” is a
correct era match.

Near Match accounts for the difficulty of conversions involving transition years and is defined as
the ratio of predictions that are off by at most one year: 1

N

∑N
i=1 1(|G(Ei, xi)−G(Êi, x̂i)| ≤ 1), where

G(E, x) converts a wareki era and year to its Gregorian equivalent.
Full Match jointly measures knowledge of era transitions and year arithmetic. It is defined as the ratio

of outputs that exactly match the correct date: 1
N

∑N
i=1 1(Ei = Êi ∧ xi = x̂i). This metric is the same as

the accuracy used in § 2.2.
The results are shown in Fig. 9. The top half shows the results for adding ten years, and the bottom half

shows the results for subtracting ten years, across Japanese era boundaries.
From the Era Match accuracy, we can see that most models seem to understand the basic order of

the eras, with a few exceptions. However, as discussed in § 2.2, the Full Match accuracy shows that
even Japanese-centric models and frontier models consistently fail to reason correctly across transitions
between older eras, such as Meiji to Taisho or Taisho to Showa. In contrast, for more recent transitions,
such as Heisei to Reiwa, Japanese-centric models perform much better than English-centric models.

Japanese models and frontier models usually get higher Full Match accuracies for newer eras, but
English models still show low accuracy even in those cases. Many models, especially English ones,
show a big gap between their Near Match accuracy and Full Match accuracy. This means they often
give answers that are just one year off and cannot handle era transitions exactly. One main reason for
these mistakes is that the models do not take into account that era transitions often happen in the same
Gregorian year (e.g., Heisei 31 and Reiwa 1 both correspond to 2019).

To sum up, most Japanese-centric models seem to understand the timeline of recent eras well enough to
reason correctly across era boundaries, whereas English-centric models still struggle with this.

F BIRTHYEARRECALL

To show the details of the results in BIRTHYEARRECALL, we introduce two metrics: Full match and
Within ±3 years Match. Full Match requires an exact match of the prediction and the target. For
Gregorian output, accuracy is 1

N

∑N
i=1 1(ŷi = yi). For wareki output, the prediction must match both the

era and the year within the era: 1
N

∑N
i=1 1(Ei = Êi ∧ xi = x̂i). This metric is the same as the accuracy

used in § 2.3
Within ±3 years Match allows a deviation of ±3 years. For wareki, this is defined as: 1

N

∑N
i=1 1(Ei =

Êi ∧ |xi − x̂i| ≤ 3) meaning that the prediction must be in the same era and within a 3-year range. In the
Gregorian setting, we convert the predicted and target year into wareki values (E, x) and then apply the
tolerance match condition.

Fig. 10 shows the results of the two metrics in BIRTHYEARRECALL. The x-axis indicates accuracy in
the Gregorian calendar, and the y-axis indicates accuracy in wareki.
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English-centric models perform poorly in recalling birth years in wareki. Japanese-centric models and
frontier LMs show moderate success when prompted in Japanese, but still underperform compared to their
accuracy in Gregorian date recall. Although Japanese-centric models are trained on Japanese corpora,
they mainly store birth years in the Gregorian format.

For all Japanese LMs, the Within ±3-years match accuracy for wareki recall is more than three times
higher than the Full Match accuracy. This suggests that models may either retrieve era-based years with
some inaccuracy or rely on internal Gregorian-to-Japanese conversions that result in small shifts.

G CROSSCALENDARCONSISTENCY

Settings. This task evaluates the consistency of BIRTHYEARRECALL across calendars. Specifically,
it measures the ratio of individuals for whom the model correctly predicts the birth year both in wareki
and in the Gregorian calendar. We define Full Match Consistency as: 1

M

∑M
i=1 1(ŷi = yi), where M is

the number of individuals for whom the model’s wareki prediction is exactly correct (i.e., Êi = Ei and
x̂i = xi).

We also report consistency under Within ±3-years Match, which allows for a 3-year deviation in the
Gregorian prediction. It is defined as: 1

M

∑M
i=1 1(|ŷi − yi| ≤ 3).

Results. Fig. 11 shows the consistency of Japanese-centric models in BIRTHYEARRECALL, measuring
the ratio of cases where the model correctly answers both in wareki and Gregorian format. Results are
reported using both exact match and 3-year tolerance criteria. English-centric models are omitted because
they rarely produced correct wareki output in this task.

While some Japanese models, such as sarashina2-13b and Swallow-13b, achieve over 80% consistency,
others like Swallow-MS-7b show lower consistency around 50%. These results show that even in Japanese-
centric LMs, there is considerable variation in how knowledge relating to Gregorian and Japanese calendars
is recalled.
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Figure 8: Accuracy of Gregorian-to-Japanese (left) and Japanese-to-Gregorian (right) CALENDARCONVERSION.
Japanese-centric models and frontier models achieved near-perfect accuracy in both directions, while English-centric
models showed notable variation across models and eras.
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Figure 9: Evaluation results for three metrics(Era match Accuracy, Near match Accuracy, and Full match Accuracy)
in JAPANESECALENDARARITHMETIC: 10-year addition (top) and 10-year subtraction (bottom). Both Japanese-
centric and English-centric models achieve high Era match accuracies for most transitions, indicating that they
generally understand the chronological order of era. However, for the Full match accuracy, only Japanese models
show high performance on recent transitions, suggesting that they capture the timeline discontinuity at era boundaries.
English models, by contrast, fail to do so, likely because they do not recognize that era transitions (e.g., Heisei 31 to
Reiwa 1) can occur within the same Gregorian year.
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Figure 10: Results of BIRTHYEARRECALL using both Japanese and English prompts. The accuracy of both
Japanese-centric and English-centric models varies significantly depending on whether the person’s name is
presented in Japanese or English. For Japanese calendar outputs, English models fail to produce correct answers
regardless of the name format, while Japanese models only succeed when the name is presented in Japanese.
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Figure 11: CROSSCALENDARCONSISTENCY: proportion of items correctly answered in the Japanese calendar that
are also correctly answered in the Gregorian calendar under exact match and within a ±3-year tolerance. For exact
matches, some Japanese-centric models, such as sarashina2-13b and Swallow-13b, exhibit high consistency above
80%, while others, like Swallow-MS-7b, remain around 50%.
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