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Abstract

Large language models (LLMs) suffer from
temporal misalignment issues especially across
long span of time. The issue stems from know-
ing that LLMs are trained on vast amounts
of data with sparse temporal information over
long periods, such as thousands of years, re-
sulting in insufficient learning or catastrophic
forgetting by the LLMs. This paper proposes a
methodology named "Ticktack" for addressing
the LLM’s long-time span misalignment in a
yearly setting. Specifically, we first propose to
utilize the sexagenary year expression instead
of the Gregorian year expression employed by
LLMs, achieving a more uniform distribution
in yearly granularity. Then, we employ polar
coordinates to model the sexagenary cycle of
60 terms and the year order within each term,
with additional temporal encoding to ensure
LLMs understand them. Finally, we present a
temporal representational alignment approach
for post-training LL.Ms that effectively distin-
guishes time points with relevant knowledge,
hence improving performance on time-related
tasks, particularly over a long period. We also
create a long time span benchmark for evalua-
tion. Experimental results prove the effective-
ness of our proposal.

1 Introduction

Language models have always suffered from tem-
poral misalignment issues stemming from the tem-
poral discrepancies between the training and testing
data, resulting in variability in reference time dur-
ing downstream tasks (Lazaridou et al., 2021; Luu
et al., 2022; Jaidka et al., 2018; Tan et al., 2023).
The issues persist with recently released large lan-
guage models (LLMs) such as LLama (Touvron
et al., 2023a) and GPT-4 (Achiam et al., 2023),
which are trained on enormous datasets and exhibit
significant performance decreases over time, espe-
cially when the time periods are long (Zhao et al.,
2024; Nylund et al., 2023; Luu et al., 2022).

The long-span temporal misalignment issues in
LLMSs primarily arise from the extensive training
data covering thousands of years (e.g., from BCE to
post-2000 AD). The enormous training data gener-
ally lacks explicit temporal grounding, resulting in
relatively limited and sparse knowledge of specific
time periods (Drinkall et al., 2024). We investigate
the distribution of years in the wiki dataset ! and
Baidu Baike?, as illustrated in Figure 1. It indicates
that data is rare in ancient ages, such as BCE, but
concentrated in the internet era (1990s—present).
Note that the year refers to the temporal reference
of the data’s content. Other studies (Yang et al.,
2023) show similar findings. The sparse and long-
tail distribution of training data over time results
in insufficient learning or catastrophic forgetting in
LLMs, leading to even poor performance during
low-resource years (McCoy et al., 2023; Razeghi
et al., 2022).
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Figure 1: The distribution of temporal information in
both Wikipedia (English) and Baidu Baike (Chinese),
with statistics conducted at intervals of 200 years from
BCE to after 2000.

Existing approaches (Mitchell et al., 2021; Meng
et al., 2022) to resolving time misalignment issues
emphasize updating models with new knowledge,

1https://hugging‘r’ace. co/datasets/wikimedia/
wikipedia

2https://baike.baidu.com/
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yet they do not assess the internal temporal knowl-
edge of LLMs over long periods. The most relevant
work for us is Wei et al. (2025), which divides the
time span from Pre-Qin to Modern into three dis-
tinct periods. This classification is too coarse for
reasoning in LLMs.

This paper proposes a plug-and-play methodol-
ogy named "Ticktack" for addressing the LLM’s
long-time span misalignment in a yearly setting.
To begin, we propose solving the sparse and long-
tail distribution of training data throughout time
by employing a novel sexagenary year expression
instead of the Gregorian year expression used by
LLMs. The idea is founded on the observations
of Tan et al. (2023) that the Gregorian year expres-
sion employed by LLMs resulted in an excessively
wide range for the year embedding within the rep-
resentation space of LLMs. Sexagenary time ex-
pression could achieve a more uniform distribution
in yearly granularity. Figure 4 in Section 4.1 pro-
vides a comprehensive analysis. Subsequently,
we apply polar coordinates to represent the sex-
agenary cycle of 60 terms and the chronological
sequence inside each term, integrating additional
temporal encoding to facilitate comprehension by
LLMs. Finally, we present a temporal representa-
tional alignment approach for post-training LL.Ms
that effectively distinguishes time points with rel-
evant knowledge, thereby improving performance
on time-related tasks, particularly over a long pe-
riod.

Due to the lack of long time span benchmarks,
we develop TempLS, a question-answering dataset
covering the period from 75,000 BCE to 2025 AD,
to facilitate the analysis of Ticktack’s efficiency.
We conduct experiments over several representative
open-source LL.Ms ranging from 3 billion to 13
billion parameters. Experimental results on both
open-source time-related benchmarks and TempLS
prove the effectiveness of our proposal.

2 Related work

Temporal expressions and embeddings in lan-
guage models. Traditional works (Yang et al.,
2023) use a normalized value for time expression
using tools such as SUTIME (Chang and Manning,
2012). With the development of pre-trained lan-
guage models, researchers try to explore better time
expression. In order to have a more comprehen-
sive understanding of temporal expressions, Tan
et al. (2023) divifgfdes 1900 to 2040 into seven

20-year time periods. Zhang and Choi (2023) lever-
ages duration statistics on each dataset’s develop-
ment, such as seconds and minutes. However, all
these time expressions within the scope of the Gre-
gorian calendar system still suffer from the com-
plicated representation space. Wei et al. (2025)
segments the Chinese lexicon history into three
periods: Ancient, Middle Ancient, and Near An-
cient, and uses a one-hot embedding to represent
them. This classification is too coarse for reasoning
in LLMs. Recent LLMs, such as GPT-4 (Achiam
etal., 2023), tokenize numeric information indepen-
dently from a perspective of tokenization. However,
this approach lost the distinct meaning of terms like
"2014" as a specific year.

Temporal alignment of language models.
Early efforts (Borkakoty and Espinosa-Anke, 2024;
Dhingra et al., 2022) focus on designing novel
datasets to probe LMs for temporal-related un-
derstanding, while more recent works (Wang and
Zhao, 2023; Jang et al., 2022; Margatina et al.,
2023) introduce new benchmarks to evaluate the
temporal alignment capabilities. To create tempo-
rally adapted language models, conventional meth-
ods rely on continual learning on time-specific
data (Agarwal and Nenkova, 2022; Loureiro et al.,
2022). Lately, some knowledge modification tech-
niques are proposed to align temporal knowledge
(Zhu et al., 2020; De Cao et al., 2021; Dai et al.,
2022). Other works (Zhao et al., 2024; Longpre
et al., 2024; Gurnee and Tegmark, 2023) study
the LMs’ temporal misalignment caused by the
chaotic pretraining corpus (Longpre et al., 2024)
and LMs can represent temporal knowledge learned
from pretraining in their internal states (Gurnee and
Tegmark, 2023). These findings open up the possi-
bility of aligning models to a specific time.
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Figure 2: The correspondence between the sexagenary
year (blue) and Gregorian year (black). For instance,
both 1864 and 1924 correspond to the "Jiazi" year.
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way to express the years, leveraging the polar coordinate

representation of the sexagenary cycle. (b) adopts sine and cosine functions to encode temporal information based

on the sexagenary cycle. (c) describes the temporal alignm

ent process to further transform the original weight space

of the LLMs into a temporal re-organized and distinguished weight space.

3 Methodology

3.1 Preliminary: conversion between
sexagenary year and Gregorian year

We initially provide the concept of the sexagenary
cycle chronology and its correlation with the Gre-
gorian calendar year, which is primarily utilized by
LLMs during data preprocessing. The sexagenary
cycle generates a sixty-year cycle utilized in the
calendars of China and several other Far Eastern
nations, derived from the combination of two funda-
mental cycles of ten and twelve’. Figure 2 depicts
the sexagenary cycle chronology, which divides
years into 60 categories, ranging from "Jiazi" to
"Guihai." The associated Gregorian calendar years
are grouped under their sexagenary category. For
instance, the years 1864 AD and 1924 AD both
correspond to the "Jiazi" year in the sexagenary
cycle chronology.

By employing the sexagenary cycle chronology
to represent the years, thousands of years of long-
term data are reconstructed and aggregated into
a 60-year cycle. As a result, the time representa-
tion achieves a more uniform distribution than the
broader distribution space in the Gregorian year
system, allowing for even better connections with
relevant events. More detailed analyses are listed
in Figure 4 of Section 4.1.

3.2 Overview of Ticktack

Ticktack is a plug-and-play methodology for LLMs
that translates and aligns the year representation
from the Gregorian calendar system with the sex-
agenary cycle chronology, hence enhancing the
performance of LLMs on temporal tasks over long

3https://en.wikipedia.org/wiki/Sexagenary_
cycle

spans. Figure 3 illustrates the pipelines of Ticktack.
It consists of three modules: (a) a polar coordinate
representation of the sexagenary years; (b) tempo-
ral encoding; and (c) temporal alignment of weight
space.

Firstly, to make the LLMs understand the newly
introduced sexagenary year expression, we utilize
the polar coordinate to represent the sexagenary
cycle of 60 terms and the Gregorian years order
within each of the 60 categories. Then, we design
a temporal encoding method to inject the newly
introduced sexagenary year information into its
associated input data embedding. Finally, we de-
fined a temporal alignment objective to post-train
the LLMs using the time-encoded input data. In
this way, the pre-trained weight space of the LLMs
is transformed into a temporal re-organized and
distinguished weight space, enhancing the compre-
hension of long-span temporal information with
relevant knowledge. In the next subsections, we
will present the specifics for each module.

3.3 Polar coordinate representation of the
sexagenary year

By using polar coordinates to represent the sexage-
nary year, we aim to trace the continuity of time
information over a cycle period and bridge the rep-
resentation similarity between years with a 60-year
interval based on sexagenary cycle chronology.
Given an input sequence s; of length [, the input
embedding of s; generated by LLM is denoted as
h; € R4 where d represents the hidden dimen-
sion. We define tiAD to indicate the Gregorian year
tokens in the input sequence s; (e.g. "tf‘D =1965"
in "France successfully launched its first artificial
Earth satellite in 1965."). The Gregorian year t;“D

cycle
1 2

could be transformed to the sexagenary year ¢
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according to the following Eq. (1):

(60 — [tP| — 2) mod 60, t*P < 0
(60 — [t — 3|) mod 60, 0 < t*P < 4
(tAP — 3) mod 60, t;'P > 4

cycle
tevete .

)

To make the LLLM understand the sexagenary
year, we utilize the polar coordinate to represent
tfyde. As illustrated in Eq. (2), we use gy to
identify the 60 terms or categories in a sexagenary
cycle. V% is used to differentiate years within
one category of a sexagenary cycle. That is to
say, an ensemble of years within one category of a
sexagenary cycle share the same angle but have dif-
ferent distances from the pole in polar coordinates.
aap and Bap are hyperparameters to determine

cycle
the r .

[
rzc4ylc)e = oAD + BADecycle
0 o 360° cycle __ po,cycle (2)
cycle — 60 tl’ =6 ti

As seen in Figure 3(a), 1965 AD and 2025 AD
both belong to the "Yi Si" of the sexagenary year
and hence share the same 0., value. To distin-
guish them under "Yi Si," by adjusting the values
of aap and S4p, 2025 AD has a larger r%/(f% com-
pared to 1965 AD r}i)%%", making it farther away
from the pole.

To better encode the temporal information later,
we further convert the polar coordinate representa-
tion to the Cartesian coordinate system, as in Eq.

3).

cycle cycle

T; =T4sp Cos(ecycle)vyi =TAD Sin(ecycle)

3)

Where z; € R? and y; € R%. x; and y; are the
final representations used to encode the temporal
information.

3.4 Temporal encoding

We adopt the sine and cosine functions to integrate
the sexagenary year temporal information for the
Transformer’s (Waswani et al., 2017) position en-
coding. To be specific, we define the temporal
encoding T'E(x;) and TE(y;) for the x; and y;
respectively, formulated as below:

[TE(Q:Z]) = sin(—— o
1 2]
TE(z;) : - 0000 2
TE(x;”"") = cos( 37
1000074
27\ Yi
TE() = sin 10000ﬁ)
d
TE(y’) : 2j+1 Yi
TE(y,”"") = cos(ﬁ)
10000«

The temporal encodings T'E(z;) and TE(y;)
are added to the original input embedding h;, form-
ing a new temporal enhanced input embedding
h; € R that includes sexagenary cycle chrono-
logical information, defined as below:

h, = h; + TE(z;) + TE(y;) (5)

As shown in Exp2 and Exp3 in Figure 3(b), de-
spite their high similarity in the semantic repre-
sentation of input embeddings, there exist distinct
differences due to variations in time information.
With the temporal encoding of sexagenary year, it
is more prone to capturing this difference.

3.5 Temporal alignment of LLMs’ weight
space

Using the sexagenary cycle chronology to represent
temporal information encoded in the input hidden
embeddings, we propose a temporal alignment ob-
jective to further post-train the LLMs, transforming
the LLMs’ pre-trained weight space to a temporally
enhanced new one and allowing the LLMs’ repre-
sentation to establish a linkage between learned
knowledge and the related time period.

Given a set of n hidden embeddings H =
{h},hy,...,h,} generated from the n input se-
quences, each hidden embedding h; is constructed
using the temporal encoding module’s Eq. (5).
Through post-training on time-related texts, we aim
to further transform the existing weight space 0 of
the trained LLM M with general tasks into a time
alignment weight space 67, thereby enhancing the
connection between the temporal information and
learned knowledge. The definition of the transfor-
mation between weight spaces is as follows:

Licmporal = M (hiz 6) = M(hz67)  (6)
Where h! € H' = {h! hL, ..., h%} represents

the temporally aligned embeddings. # and 7 are
the LLMs’ pre-trained weight space and the one



transformed after the temporal alignment objective
function Liemporal-

To define the temporal alignment function
Liemporat, we apply Elastic Weight Consolidation
(EWC) theory (Kirkpatrick et al., 2017), which is
proposed to find a solution to a new task in the
vicinity of an older one. In our scenario, EWC
protects the general capabilities of the LLMs (sim-
plified as Task () by constraining the parameters
6T of time-related tasks (simplified as Task 7') uti-
lizing a quadratic penalty to stay in a region of low
error for the prior general task G centered around
its parameters 6. According to EWC’s theory,
Liemporar 18 defined as below:

‘Ctemporal = LT(QT) + A‘C[(GG) - (GT)] (7)

L7(07) is the loss for the task T only. Task T'
necessitates enhancement in the LLMs by trans-
forming the weight space /¢ — 07, while preserv-
ing the prior general knowledge of the LLMs. A
sets how important the old task is compared to the
new one.

To improve the LLMs’ links between already
memorized general knowledge and encoded sex-
agenary cycle temporal information, task 7" uses
the similarity algorithm to reassemble the hidden
weight space based on the 60 categories in a sex-
agenary cycle. The setup is founded on Nylund
et al. (2023)’s findings that "years or months that
are closer together in time yield their embeddings
that are also closer together in weight space."

Specifically, there are a total of {1,2.., K} (K =
60) sexagenary year classes, and each h! is as-
signed to one of these class k based on ¥,
For the embeddings Hf in the class k, Hf =
{nt, hs, ...kt Y (m < n, HF C HY), our goal is
to minimize the distance between embeddings in
the intra-class while maximizing the separation be-
tween embeddings in the inter-classes, thus the
objective of task 7" is defined as:

['T — 5£intra + (1 - 6)Linter
Lintra =1 — Z Z cos_sim(ht, h;)

hi€Hf hteHf ()

Z Z cos_sim(h}, h;)

hicHf ht¢Hf

Einter =

Based on Eq. (7), the target for transformation
between weight spaces is to minimize the objective
below:

A
*Ctemporal = 'CT + §f(0T - 60)2 (9)

Where F is considered as the Fisher information
matrix (Fisher, 1922), for it is thus easy to calculate
even for large models.

The ultimate loss L f;,, comprises the gener-
ating objective of the LLMs (predicting the next
token) L7 p and the temporal alignment objective
Liemporat» defined as below:

‘Cfinal = LNTP + O—Etemporal (10)

Where o controls the influence of the sexagenary
cycle.
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Figure 4: The distribution of the years in our constructed
TempLS dataset. The above figure summarizes the dis-
tribution of Gregorian years. The figure below displays
the distribution of sexagenary years, which is apparently
more uniform.

4 Experiments

4.1 Datasets and downstream tasks

To evaluate the LLMs’ ability to understand tem-
poral information, we utilize two typical tempo-
ral question-answering (QA) downstream tasks:
TempLLAMA (Dhingra et al., 2022) and TempUN
(Beniwal et al., 2024). TempLAMA is a time-
sensitive QA dataset constructed based on Wiki-
data. TempUN is a large temporal multiple-choice
QA dataset constructed by curating temporal infor-
mation from the "Our World in Data" website.



Table 1: Zero-shot and few-shot (5-shot) results of LLMs measured on TempLAMA, TempUN, and TempLS. Best
performance is marked as bold. (w/ PT): post-train base model with the predict-next prediction objective. (w/
Ticktack) is the temporal enhanced model with our proposal.

Tasks TempLS TempLAMA TempUN
Zero-shot Few-shot Zero-shot Few-shot Zero-shot Few-shot

Model Acc. Acc. |ROUGE F1 ROUGE Fl1 Acc. Acc.
Base | 62.37 67.81 1713 745 17.14 745 | 59.25 58.88
Qwen2.5-3B w/PT | 67.30 68.29 | 5376 3336 53.73 3343 | 44.82 28.05
w/ Ticktack | 67.63 67.62 | 54.65 3643 54.66 36.44| 64.96 59.92
Base | 73.66 72.89 14.12 6.66 14.12 6.66 | 57.20 75.60
Qwen2.5-7B w/PT | 78.12 78.17 | 5097 27.19 5097 27.19| 67.79 58.22
w/ Ticktack | 82.82 83.29 | 54.82 2741 54.82 28.85| 74.29 74.37
Base | 21.54 48.52 10.14 450 10.14 4.50 15.65 13.31
LLaMA2-7B w/PT | 37.61 5122 | 37.09 1844 37.09 1844 | 16.33 11.84
w/ Ticktack | 58.45 59.18 | 45.42 2390 4542 2390 | 25.18 25.14
TimeLLaMA.7B Base | 24.46 43.59 0.00 0.00 0.00 0.00 14.24 22.44
w/PT | 43.54 47.61 3495 2261 35.82 23.06| 18.84 18.89
Base | 32.63 33.97 1399 622 1399 6.22 | 20.88 26.07
LLaMA2-13B w/PT | 24.08 43.21 | 55.55 27.67 55.55 27.67| 12.73 22.40
w/ Ticktack | 65.28 70.18 | 62.63 3296 62.63 3296 | 25.36 25.36
TimeLLaMA-13B Base | 52.55 53.71 0.00 0.00 0.00 0.00 | 24.78 24.37
w/PT | 53.00 54.24 | 43.77 2440 43777 24.40| 23.85 14.53

To evaluate Ticktack’s performance on the long-
span time challenge, we create TempLS, as ex-
isting benchmarks predominantly focus on the in-
ternet age, to the best of our knowledge. Tem-
pLS is a long-span Chinese time-related multiple-
choice QA dataset, including 137,090 question-
answer pairs extracted by following the below steps.
Firstly, time-related texts covering a time span from
75,000 BCE to 2025 AD are filtered from the Baidu
Baike. Then the filtered texts are summarized
and converted into a QA format using Qwen57B*.
The specific distribution with the years within the
dataset is depicted in Figure 4. It is apparent that
with sexagenary year representation, the QA pairs
have a more uniform distribution.

Appendix A.1 provides detailed information and
samples of the aforementioned datasets.

4.2 Experimental setups

Baselines models. To demonstrate the general-
ity of our method, we select several represen-
tative open-source LLMs as base models, in-
cluding Qwen2.5-3B%, Qwen2.5—7B4(Yang et al.,
2024), LLaMA2-7B°, LLaMA2-13B>(Touvron

*https://github.com/QwenLM/Qwen2.5
5https://ai.meta.com/resources/
models-and-libraries/llama/

et al., 2023b).

We post-train the above models with our pro-
posed Ticktack for the temporal alignments of base
LLMSs, denoted as (w/ Ticktack), and then evaluate
their performance on the three temporal QA tasks
mentioned above. For TempLS, we split the post-
training dataset into 132,830 training samples and
4,260 testing samples; TempLAMA and TempUN
follow their existing splits.

To comparison, we post-train all base LLMs
with the typical next token prediction objective,
referred to as (w/ PT), using the exact same post-
training dataset as the Ticktack post-training. We
also compare with the open-source LLM series
TimeLlama-7b and TimeLlama-13b(Yuan et al.,
2024), which are optimized for temporal reasoning
utilizing LlaMA?2.

Implementation details. We employ the pa-
rameter expansion technique, known as LoRA (Hu
et al., 2021), for the post-training strategy of Tick-
tack. We are freezing the pre-trained parameters
of the LLMs while incorporating trainable rank-
decomposition matrices into each layer. a4 p and
Bap in Eq. (3) are set to [0.5-1.0] and [0.5-1.0] for
changes of them within this range similarly affect
the value of the Cartesian coordinate according to
our experiments. ¢ in Eq. (8) is set to 0.5. ¢ in
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Figure 5: Accuracy of Zero-Shot and Few-shot evalua-
tions on the TempLS for the time-span from years BCE
to after 2000.

Eq. (10) is affected by the batch size and set to 1
in current experiments. The parameter study can
be found in the Appendix A.5. The hyperparame-
ters employed for all base models are as follows:
a batch size of 8, gradient accumulation steps of
2, 10 epochs, and a learning rate of 10~%. Dur-
ing the validation of downstream tasks, we utilize
zero-shot and 5-shot settings to evaluate the best
performance of the models. Our setup consists of
a four-core CPU and eight NVIDIA Tesla A100
GPUs.

4.3 Results and analysis

Performance on downstream tasks. Table 1
presents the zero-shot and few-shot experimental
results for the three temporal downstream tasks.
Notably, each model trained using our proposed
Ticktack significantly outperforms its baseline and
post-trained counterparts across various perfor-
mance metrics. In comparison to post-training
alone (w/ PT), the model trained with Ticktack
(w/ Ticktack) exhibits remarkable enhancements
across nearly all measures in the three downstream
tasks. Ticktack demonstrates an average accuracy
increase of 34.43% on TempLS in comparison with
the base LLaMA2-13B. In contrast to the compar-
ative temporal enhanced baselines TimeLLaMA-
7B and TimeLLaMA-13B, our method for both
7B and 13B scales achieves better results on most
evaluation metrics. Furthermore, due to its in-

adaptability with the format of the TempLAMA
task (TempLAMA is the only task whose an-
swer is not choice, detailed in Table 3 of Ap-
pendixA), the evaluation results of TimeL.LaMa
models on this task are 0. After post-training,
the performance of TimeLLaMa models could
improve on TempLAMA. Particularly, Ticktack
demonstrates a more significant enhancement on
long-span datasets TempLS compared to most of
the baseline models.

(a)

base model

(b)
+ Tik Tack

Figure 6: The distribution of Qwen-3B’s outputs of
10,000 sentence vectors. (a) The pre-trained embed-
dings are dispersed throughout the vector space, which
is hard to distinguish. (b) After post-training by Tick-
tack, the temporal enhanced embeddings exhibit cluster-
ing characteristics according to years.

Performance on low resource years. To an-
alyze temporal reasoning ability in low-resource
years, we separated the TempLS dataset into 500-
year intervals, in addition to BCE and after 2000
periods, as shown in Figure 4. We hypothesize that
the years of the BCE period have a comparatively
low frequency of occurrence due to the long dura-
tion of seventy thousand five hundred years. As
illustrated in Figure 5, Ticktack achieves more sig-
nificant enhancement in the low-resource years of
BCE, intuitively displayed through the yellow line.

Visualization of sexagenary year representa-
tions. We use T-SNE (Van der Maaten and Hin-
ton, 2008) to visualize the multi-dimensional em-
beddings of Qwen-3B’s outputs before and after
temporal alignment with Ticktack, as illustrated



(a) Base model

(b) Temporal encoding

(c) Ticktack temporal aligned

Figure 7: Similarity between different years’ representations, where years are chosen from 2010 to 2025. As the
color of the cell approaches orange, it indicates a lower similarity between these two years’ representations. (a) The
embeddings of Gregorian years are generated by the base Qwen 3B. (b) Sexagenary year time encoding T'E(x;)
and T'Ey;) proposed in Eq. (4), without post training. (c) Using the Ticktack post-trained Qwen-3b w/Ticktack to

generate the representations of Gregorian years.

in Figure 6. We sample 10,000 sentence vectors
across ten-year periods from TempLAMA ("Geng
Yin to Ji Hai"). It is distinctly evident that Ticktack-
enhanced embeddings in Figure 6(b) exhibit clus-
tering characteristics according to years. The pre-
trained embeddings in Figure 6(a), on the other
hand, are dispersed throughout the vector space,
which may make the model more susceptible to
temporal reasoning errors.

More experiments and analyses can be found in
the Appendix A.3 and A 4.

Table 2: Zero-shot and few-shot results of LLMs mea-
sured on TempLS, by adding temporal encoding mod-
ule.

Tasks TempLS
Zero-shot Few-shot
Model Acc. Acc.
Base | 62.37 67.81
Qwen2.5-3B | w/ encoding | 66.55(+4.18) 66.13(-1.68)
Base | 73.66 72.89
Qwen2.5-7B | w/ encoding | 73.89(+0.23) 79.94(+7.05)
Base | 21.54 48.52
LLaMA2-7B | w/ encoding | 30.58(+9.04) 50.98(+2.46)
Base | 32.63 20.88
LLaMA2-13B | w/ encoding | 30.68(-1.95) 35.31(+14.43)

4.4 Ablation study

Similarity between different years representa-
tions. Figure 7 depicts the distinguishability of
the representation of years (2010-2025), generated
by LLMs. Figure 7(a) shows the representation
similarity of Gregorian years from the Qwen 3B
base, which has similar characteristics, making it
difficult for the model to distinguish. Alternatively,
our proposed sexagenary year expression with po-

lar coordinate time encoding introduces enriched
temporal information into the LLM, resulting in a
clear distinction as depicted in Figure 7 (b). After
post-training with Ticktack, the temporally aligned
LLM improves its sensitivity to temporal informa-
tion, as seen in Figure 7 (c). In comparison to
the original base model, time embeddings become
more discriminable, making LLMs more likely to
recognize, contributing to increased performance
on time-sensitive tasks.

The impact of temporal encoding module. To
investigate the effect of the sexagenary year ex-
pression and encoding, we post train the LLMs
by adopting temporal encoding of the polar coor-
dinate represented sexagenary year (w/ encoding)
with predict next token target that does not use tem-
poral alignment. As shown in Table 2, only the
sexagenary year’s temporal encoding facilitates the
enhancement of time-sensitive reasoning capabili-
ties.

5 Conclusion

In this study, we focus on addressing the temporal
misalignment issues that often affect LLMs when
dealing with long-span temporal information. We
first introduce the sexagenary-cycle time expres-
sion leveraging the polar coordinate to provide a
more uniform and consistent temporal embedding
expression. Furthermore, a temporal alignment
method is proposed to enhance the LLMs’ align-
ment of learned knowledge to the related time pe-
riod. Experimental results have validated the effec-
tiveness of our method, demonstrating its ability
to enhance the performance of LLMs in handling
time-related tasks with long temporal spans.



6 Limitations

While we use the sexagenary cycle time expres-
sion to align long-term temporal data, we only con-
sider the year granularity. We will explore using
the sexagenary cycle to represent many granulari-
ties of time, such as month and day, in the future.
In addition, since there are few long-span time-
related benchmarks, we developed the TempLS
dataset, which we collected from Baidu Baike, to
measure LLMs’ understanding of temporal infor-
mation. The relatively small number of samples
may limit the generalizability and robustness of
the evaluation results. It would be interesting to
develop novel benchmarks derived from a range
of sources to increase the comprehensiveness and
reliability of temporal information understanding
assessments.
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A Appendix

A.1 Datasets

TempLAMA (Dhingra et al., 2022): a time-
sensitive question-answering dataset constructed
based on the Wikidata temporal KB, is proposed
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to evaluate the model’s performance for time-
dependent questions from 2010 to 2020. The gener-
ated answers of LLMs are evaluated by token-level
mirco-F1 and ROUGE-1 scores.

TempUN (Beniwal et al., 2024): a large tempo-
ral QA dataset constructed by curating temporal
information from "Our World in Data" website.
TempUN is used to explore the model’s ability to
grasp factual knowledge, containing data for global
issues like poverty, disease, hunger, climate change,
war, existential risks, and inequality from 10,000
BCE to 2100 AD. The format of this task is a multi-
ple choice question answering, with accuracy serv-
ing as the evaluation metric.

Samples of the three datasets are illustrated in
Table 3.

A.2 Visualization of sexagenary cycle time
expression

We also utilize T-SNE to project the multi-
dimensional embeddings of LLaMA2-13B and
Deepseek-7B’s outputs before and after temporal
adaptation with Ticktack into a two-dimensional
space for visualization.

(a)

base model

(b)
+ Tik Tack

Figure 8: The distribution of LLaMA2-13B’s outputs of
10,000 sentence vectors, before and after post training
by Ticktack.

As shown in Figure 8 and 9, the expressions
of all models also exhibit characteristics of aggre-
gation based on the sexagenary cycle after post-
training used Ticktack. However, compared to
Qwen-3B displayed in Figure 6, the intra-class


https://doi.org/10.18653/v1/2023.emnlp-main.728
https://doi.org/10.18653/v1/2023.emnlp-main.728
https://doi.org/10.18653/v1/2023.emnlp-main.728
https://doi.org/10.18653/v1/2023.emnlp-main.879
https://doi.org/10.18653/v1/2023.emnlp-main.879
https://doi.org/10.18653/v1/2023.emnlp-main.879
https://doi.org/10.18653/v1/2024.findings-acl.892
https://doi.org/10.18653/v1/2024.findings-acl.892
https://doi.org/10.18653/v1/2024.findings-acl.892
https://doi.org/10.18653/v1/2024.findings-acl.892
https://doi.org/10.18653/v1/2024.findings-acl.892

Table 3: Samples from TempLS, TempLAMA and TempUN.

Dataset ‘ Sample
Question: In 3100 BC, established the First Dynasty of Ancient Egypt.

TempLS " A: Menes, B: Ramses, C: Tutankhamun, D: Cleopatra

Answer: A

TemoLAMA Question: In 2017, Alexander Hamilton is owned by _X_.
emp Answer: Crystal Bridges Museum of American Art
Which option is correct for the question:
TempUN Question: In 2022, Private Civil Liberties Index in Iran was:
emp Options: A: 0.49, B: 0.38, C: 0.63, D: 0.34
Answer: D

distance in LLaMA2-13B is more concentrated,
while the distance between inter-classes is more
dispersed. This may be due to the different training
data adopted by different LLMs.

(a)

base model

(b)
+ Tik Tack

Figure 9: The distribution of Deepseek-7B’s outputs of
10,000 sentence vectors, before and after post training
by Ticktack.

A.3 Multilingual Experiment

In addition to Chinese and English, we also
conducted basic mulitiligual (Japanese and
French) evaluations comparing three model
variants - the base, w/PT, and w/TickTack
models - across different language pairs main-
taining consistent experimental settings. The
Japanese test dataset was obtained by trans-
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Table 4: Zero-shot and few-shot results of Qwen2.5-7B
measured on Japanese TempUN Dataset.

Model Zero-shot | Few-shot
base 51.79 73.37
Qwen2.5-7B w/PT 66.95 67.56
w/Ticktack 64.84 66.39

Table 5: Zero-shot and few-shot results of LLaMA
measured on French TEMPREASON Dataset.

Model Zero-shot | Few-shot
base 23.97 51.73
LLaMA2-7B w/PT 27.27 43.29
w/Ticktack 44.43 48.76
base 51.83 57.84
LLaMA3-8B w/PT 51.19 55.24
w/Ticktack 69.16 69.16

lating TempUN, and the French test dataset
was from https://huggingface.co/datasets/ab-
iitd/mTEMPREASON/tree/main. As shown in
table 4 and table 5, w/ PT and w/ TikTack achieved
reasonably competitive results on Japanese while
showing significant improvements on French,
proving TickTack’s effectiveness in multilingual
tasks.

A.4 The experimental results based on
LLaMA3

To validate the adaptability of our method on LLM,
we compared the performance on LLaMA3-8B
(Grattafiori et al., 2024), as shown in Table 6, fur-
ther demonstrating the effectiveness of our method
in enhancing time intensive knowledge inference.



Table 6: Zero-shot and few-shot (5-shot) results of LLaMA3-8B measured on TempLAMA, TempUN, and TempLS.
Best performance is marked as bold.

Tasks TempLS TempLAMA TempUN
Zero-shot Few-shot Zero-shot Few-shot Zero-shot Few-shot
Model Acc. Acc. |ROUGE F1 ROUGE F1 Acc. Acc.
Base | 57.96 6242 | 1597 643 1597 643 | 5796 6242
LLaMA3-8B w/PT | 65.56 6434 | 60.83 2642 60.83 2642 | 58.73 62.93
w/ Ticktack | 68.32 68.71 | 59.57 37.84 59.57 37.84| 65.29 65.24

Table 7: Parameter study of aap and S4p.

Hyper-paramters | Value Euclidean distance
(0.5.0.5) dist,,(2025— > 2024) = 2.3151, dist, (2025— > 2024) = 2.0244
B dist, (2025— > 1965) = 1.4738, dist, (2025— > 1965) = 0.5874
dist,,(2025— > 2024) = 1.6713, dist, (2025— > 2024) = 1.9204
dist, (2025— > 1965) = 0.8154, dist, (2025— > 1965) = 0.7003
dist,,(2025— > 2024) = 2.4221, dist, (2025— > 2024) = 0.6197
( ) y )

(aaD, BaD) (0.8,0.6)

(LD dist;(2025— > 1965) = 2.1998, dist, (2025— > 1965) = 1.1240

Table 8: Parameter study of A, o and 4.

A | o | ¢ | Final Training Loss
I |1]05 1.1177

1 |1]03 1.121
05103 1.1146
05103 1.1318

A.5 Experimental parameter study

Table 7 and table 8 show the parameter study on
the effect of each parameter utilized in our experi-
ments.
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