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Abstract

Who is the US President? The answer changes
depending on when the question is asked.
While large language models (LLMs) are evalu-
ated on various reasoning tasks, they often miss
a crucial dimension: time. In real-world scenar-
ios, the correctness of answers is frequently tied
to temporal context. To address this gap, we
present a novel framework and dataset spanning
over 8,000 events from 2018 to 2024, annotated
with day-level granularity and sourced glob-
ally across domains such as politics, science,
and business. Our TimeShift evaluation method
systematically probes LLMs for temporal rea-
soning, revealing that base models often out-
perform instruction-tuned and synthetic-trained
counterparts on time-sensitive recall. Addition-
ally, we find that even large-scale models ex-
hibit brittleness in handling paraphrased facts,
highlighting unresolved challenges in temporal
consistency. By identifying these limitations,
our work provides a significant step toward ad-
vancing time-aware language models capable
of adapting to the dynamic nature of real-world
knowledge.

1 Introduction

Large language models (LLMs) have revolution-
ized natural language understanding, reasoning,
and factual recall, becoming foundational tools
for applications such as chat bots (Brown et al.,
2020; OpenAl et al., 2024; Touvron et al., 2023),
search engines (Thakur et al., 2021), and auto-
mated fact-checkers (Petroni et al., 2019; Roberts
et al., 2020). However, their ability to handle time-
sensitive facts—a critical component of real-world
knowledge—remains under-explored. In many sce-
narios, the correctness of an answer depends not
only on the question but also on when it is asked.
For example, “Who is the US President on Novem-
ber 9, 2020, versus January 21, 20217 requires
reasoning tied to specific dates, a capability that
current benchmarks often overlook.
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Figure 1: Temporal log probabilities of sentences pre-
dicting the U.S. president (Joe Biden or Donald Trump)
using Llama 3.2 3B, showing a clear shift in predictions
aligned with their terms. As the model’s training data
cuts off at the end of 2023, predictions beyond this point
reflect extrapolated trends.

Time awareness is crucial for dynamic tasks such
as real-time fact-checking, knowledge base mainte-
nance, and temporal question answering. While
LLMs excel at static factual recall and general
reasoning, their performance on time-dependent
queries remains an open challenge. To address this,
our approach systematically probes models for tem-
poral reasoning by measuring the log probabilities
of time-sensitive sentences across different tempo-
ral contexts. For example, we evaluate whether the
log probabilities of sentences like “Donald Trump
is the US president” and “Joe Biden is the US pres-
ident” shift appropriately as leadership changes
over time. As illustrated in Figure 1, our approach
captures these temporal dynamics, with models
like Llama 3.1 8B (Dubey et al., 2024) showing
partial success in adjusting predictions based on
temporal prefixes. This highlights the importance
of fine-grained temporal evaluation, which current
benchmarks fail to capture comprehensively.

To address this gap, we introduce a novel dataset
and evaluation framework designed to rigorously
test daily temporal awareness in LLMs. Our dataset
spans over 8,000 events from 2018 to 2024, anno-



tated with day-level granularity and sourced glob-
ally across diverse domains such as politics, sci-
ence, and business. Each event is paired with para-
phrases to evaluate robustness in fact recall when
phrasing varies. Using our TimeShift evaluation
method, we systematically probe models by gener-
ating temporal variations to assess their ability to
reason across time and paraphrased contexts.

Table 1 highlights examples from our dataset,
showcasing the diversity of events and annotations.
This fine-grained, systematic approach allows us to
uncover limitations in temporal reasoning across
model families, including instruction-tuned models
and synthetic-trained architectures.

Our contributions are summarized as follows:

* We introduce a comprehensive dataset with
over 8,000 events spanning seven years, an-
notated with day-level granularity and paired
with paraphrases, enabling robust evaluation
of time-sensitive fact recall.

* We propose TimeShift, a novel evaluation
framework that systematically probes models’
temporal reasoning capabilities, uncovering
key limitations in handling time-dependent
queries.

* We provide a detailed evaluation of over a
dozen state-of-the-art open-source LLMs, re-
vealing that base models often outperform
instruction-tuned and synthetic-trained mod-
els. Surprisingly, even large models exhibit
brittleness when paraphrased facts are tested.

* All data, code, and evaluation tools are open-
sourced to encourage further research into
temporal reasoning in LLMs.

By addressing a critical gap in current bench-
marks, this work lays the groundwork for advanc-
ing time-aware LL.Ms capable of reasoning about
the dynamic nature of real-world knowledge.

2 Related Work

Several datasets have been introduced to evaluate
the temporal reasoning capabilities of LLMs. The
TempReason dataset (Tan et al., 2023) and TRAM
benchmark (Wang and Zhao, 2024) both focus on
assessing LLMs’ understanding of event order, du-
ration, and frequency. However, these benchmarks
primarily target broader temporal reasoning tasks

rather than specific factual recall at finer time reso-
lutions, such as determining the exact month when
an event occurred.

An alternative approach involves modifying the
self-attention mechanism (Vaswani et al., 2023)
to incorporate temporal information (Rosin and
Radinsky, 2022), improving performance on se-
mantic change detection tasks (Schlechtweg et al.,
2020; Hamilton et al., 2018). However, these adap-
tations have not been evaluated for their ability to
recall specific temporal facts.

In addition, the TempLAMA dataset (Dhingra
et al., 2022) probes LLMs on facts associated with
specific years but does not extend to the month or
day-level precision required for many real-world
applications. Similarly, the 7est of Time bench-
mark (Fatemi et al., 2024) explores event relation-
ships over time but lacks the focus on precise, time-
bound factual recall.

3 Dataset

Our dataset is designed to assess LLMs’ tempo-
ral awareness, specifically their ability to recall
facts tied to specific dates. It comprises over 8,000
significant events from 2018 to 2024 across pol-
itics, business, science, art, and crime, ensuring
geographical and cultural diversity. As an English-
language dataset, geographically the highest event
concentration is in the United Stated (3,700+), fol-
lowed by global (~ 950) and UK (~ 330) as illus-
trated in Figure 2.

Events are evenly distributed across months and
days, though seasonal variations exist (e.g., in-
creased reporting in summer, slight weekend de-
cline). Each event is concisely represented by a
headline of no more than 30 words, ensuring clar-
ity and brevity, and is sourced from reputable and
authoritative outlets (Section 3.1) to ensure accu-
racy and credibility.

Figure 2: World map showing the amount of news per
country, US is in the first place with over 3,700 events
across the 7 years.



Original Sentence | Paraphrase 1 | .. | .. | .. | Year | Month | Day | Category
Rolling Stone magazine | Jann Wenner, co-founder e | e ] 2023 9 16 Entertainment & Arts
co-founder Jann Wenner... | of...

Meta launches Threads - | Meta introduces Threads, e | e | 2023 7 5 Science & Technology
Instagram’s new... a new app.."

Table 1: Examples from our dataset containing over 8,000 events with precise timestamps and paraphrases. For
clarity, we display only a subset of paraphrases, omitting some metadata (country, source URLs) from this table.

3.1 Data Collection and Structure

The dataset was constructed by employing a custom
web-scraping pipeline that extracted headlines from
major global news outlets (e.g., BBC (BBC News,
2023), Reuters (Reuters, 2023), The New York
Times (nyt, 2023)), academic journals (e.g., Nature
(Nature Editorial Board, 2022)), and government
publications (e.g., official government websites,
United Nations reports (United Nations, 2022)).
To ensure accuracy, automated filtering mecha-
nisms cross-referenced timestamps and removed
duplicates, while heuristic-based checks discarded
ambiguous events lacking clear temporal markers.
Events with conflicting date information across
sources were excluded to maintain consistency.

Each event in the dataset is annotated with its
exact day, month, and year and is accompanied
by four paraphrased versions. These paraphrases
were generated through a combination of text trans-
formation models and cross-source comparisons,
ensuring variation in expression while preserving
factual accuracy and similar length distribution
(Appendix A.1). This variation is essential for eval-
uating the robustness of LLMs in factual recall
when events are expressed differently. The dataset
is specifically designed to assess whether models
can recognize events despite rewording. Table 1
provides an example of the dataset structure.

To categorize events, metadata tags were ex-
tracted during the scraping. If not available, we
used a lightweight LLM-based classifier trained on
labeled event data to infer these attributes.

By employing rigorous filtering, multi-source
validation, and LLM-assisted classification, our
dataset provides a high-fidelity benchmark for eval-
uating LLMs’ ability to recall time-sensitive facts
with precision.

3.2 Category and Temporal Distribution

The dataset spans a diverse range of categories, as
illustrated in Figure 3. On average, each day in-
cludes approximately three events, with some sea-
sonal variations—such as a slight increase during
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Figure 3: Distribution of events across categories, show-
ing the highest concentration in Politics & Government
and Crime & Law categories.
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Figure 4: Even distribution of events across years,
months, and days, ensuring balanced temporal coverage
for evaluation.

summer months and a decline on weekends. The
temporal distribution across years, months, and
days is shown in Figure 4, ensuring a balanced rep-
resentation that prevents any specific period from
disproportionately affecting the results.



Prefix Format

| Year Acc. | Month Acc. | Day Acc. | Final Acc.

It is
It is

{day} {month}, {year}. {event}
{month} {day}, {year}. {event}

It is {year} {month}, {day}. {event}

It is {year} {month}, {day} and {event}
{day}.{month}.{year}, {event}

On {month} {day}, {year}, {event}

On {day}/{month}/{year}, {event}
{year}-{month}-{day}: {event}

31.5% 4.9% 0.4% 12.3%
31.5% 4.9% 0.2% 12.2%
31.5% 2.5% 0.2% 11.4%
31.5% 2.5% 0.0% 11.3%
29.6% 3.4% 0.2% 11.1%
26.9% 4.4% 0.5% 10.6%
26.9% 4.4% 0.1% 10.5%
26.7% 3.2% 0.0% 10.0%

Table 2: Comparison of selected date-prefix formats based on accuracy in predicting time-sensitive facts. We tested
a wide range of prefixes and report the best-performing ones.

3.3 Public Availability

The dataset, along with the evaluation framework,
is publicly available on HuggingFace and GitHub,
providing the research community with an accessi-
ble resource to further explore time-sensitive fact
recall in LLMs.!

4 Experiments

The core hypothesis driving our dataset is that an
LLM should assign the highest probability to the
sentence describing an event with the correct tem-
poral prefix—specifically, the day, month, and year
in which the event occurred. This hypothesis un-
derpins the evaluation setup, where the model is
tested on its ability to select the correct temporal
context from a range of possibilities.

For example, consider the sentence: "It is April
13, 2022. Rolling Stone magazine co-founder Jann
Wenner..." Here, the temporal prefix ("It is April
13, 2022.") explicitly situates the event within a
specific timeframe, providing a clear basis for the
model’s probabilistic assessment. This specific
prefix was selected based on additional experiments
in Section 4.1, where it best aligned predictions
with temporal context.

4.1 Prefix selection

Selecting the optimal prefix for evaluating tem-
poral awareness in LL.Ms is crucial, as phrasing
affects how models interpret time-sensitive queries.
To identify the best-performing prefix, we tested
various prefix formulations on 10% of the dataset
using Llama-3.2 1B, Llama-3.2 3B, and Gemma-2
2B. These models, spanning different parameter
sizes and architectures, provided a representative
assessment of prefix impact on the performance.
We explored variations in word order (e.g., year-
first, day-first), separators (e.g., commas, dashes,

"https://huggingface.co/datasets/

slashes), and explicit prepositions (e.g., “On date”
vs. “It is date”).

From this extensive search, Table 2 reports the
best-performing prefixes. The highest final ac-
curacy of 12.3% was achieved with “It is {day}
{month}, {year}. {event}”, making it the opti-
mal choice for probing LLMs’ temporal recall.
Notably, prefixes starting with the year (e.g., “It
is year month, day and event”) reduced accu-
racy, suggesting models overemphasized the year
while struggling with finer details. Similarly,
while numerical date formats using separators
(e.g., “day.month.year, event” or “year-month-
day: event”) performed reasonably, they exhibited
slightly lower day-level accuracy. Based on these
findings, we adopt the top-performing prefix across
all subsequent experiments to ensure reliable and
consistent temporal evaluation of LLMs.

4.2 TimeShift Algorithm

C It is {year}. {event}
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Figure 5: Schema of the TimeShift algorithm. Nodes rep-
resent sentences for which probabilities are computed
with varying temporal prefixes (in blue). The sentence
with the highest probability is selected as the prediction.
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The TimeShift algorithm evaluates a model’s abil-
ity to correctly predict the time of occurrence of an
event. Given an event e, our goal is to predict its
correct date, structured as:

* y*(e) — the true year of the event,
* m*(e) — the true month of the event,
* d*(e) — the true day of the event.

The model generates probability distributions,
specifically representing the likelihood of the entire
sentence, including the temporal prefix. To ensure
numerical stability, we compute the sum of the
logarithms of these probabilities for each time unit:

* py(y | ) — probability of the event occur-
ring in year ,

* papr(m | e, y) — probability of the event oc-
curring in month m, given the predicted year
Ys

* pp(d | e,9,7) — probability of the event
occurring on day d, given the predicted year
y and month 7.

Instead of evaluating all possible (year, month,
day) combinations, we apply a sequential filtering
approach as described in Algorithm 1 and Schema
5 improving efficiency while preserving accuracy.

Algorithm 1 TimeShift

Input: Event e
Output: Predicted date (4, 1%, d)
Step 1: Predict Year
§ < argmaxpy (y | e)
if  # y*(e) then
Stop (Incorrect Year)
end if
Step 2: Predict Month (If Year is Correct)
mh < argmax py (m | e, §)

B

R A

10: if m # m*(e) then

11: Stop (Incorrect Month)

12: end if

13: Step 3: Predict Day (If Month is Correct)
14: d < arg mgxpp(d | e,y,m)

15: if d # d*(e) then

16: Stop (Incorrect Day)
17: end if

18: Return (3,77, d)

4.3 Stability Measurement Algorithm

The Stability Measurement algorithm evaluates the
robustness of a model’s predictions under minor
input variations. Instead of measuring absolute
accuracy, it quantifies whether the model maintains
consistent predictions when an event description is
paraphrased.

Given an event e, the dataset provides:

* Original sentence: e (news event).

* Paraphrased sentences: ¢/, e), e, ey (four
paraphrases of e).

* True label: y*(e) (ground-truth year, month,
or day).

Given these inputs, the model produces:
* Prediction for the original sentence: j(¢).

* Predictions for the paraphrased sentences:
y(e;) forie{1,2,3,4}.

We define the following probability metric:

Stability Probability: The probability that the
model predicts the same correct result for a para-
phrased event, given that it was correct for the orig-
inal event:

S=P(g(er) =y"(e) [i(e) =y (e))

Here, S quantifies the stability of predictions
under paraphrasing. A high S indicates that the
model is robust to rewording, whereas a low S
suggests that the model is sensitive to variations in
input phrasing.

4.4 Why Use Log Probabilities Instead of
Direct QA?

A natural alternative would be to directly prompt
the model with an open-ended question, such as
"When did this event occur?"”, and compare the
generated response to the ground truth. However,
model responses in a free-form QA setting are in-
herently non-deterministic—even at temperature
zero, variations in rounding, tokenization, and par-
allelization can lead to inconsistencies. This makes
direct QA evaluation difficult to reproduce.

Log probabilities offer a structured, reproducible
alternative by ranking all possible dates for an event
in a probabilistic framework. While one could at-
tempt to rank QA-based responses (e.g., via likeli-
hoods or multiple-choice scoring), such approaches



introduce additional challenges, such as inconsis-
tent specificity (e.g., "early 2023" vs. "January
5, 2023") and reliance on post-processing heuris-
tics. Our method avoids these pitfalls by ensuring
a consistent evaluation framework across models.

4.5 Metrics

We evaluate models using two key metrics:

* Accuracy: Accuracy is evaluated at multiple
temporal granularities:

— Yearly Accuracy: The probability that
the model correctly predicts the year of
an event.

— Monthly Accuracy: Computed only for
instances where the year is correctly pre-
dicted. Since it is conditioned on a cor-
rect yearly prediction, its sample size is
smaller.

— Daily Accuracy: Assessed only when
both the year and month predictions are
correct.

— Approximate Daily Accuracy: Similar
to daily accuracy but allowing for a +1-
day margin of error.

— Total Daily Accuracy: The overall prob-
ability of correctly predicting an event’s
exact date, computed as the product of
yearly, monthly, and daily accuracies.

* Stability: Stability measures the model’s ro-
bustness to input paraphrasing, evaluating
its consistency in predicting the correct date
across reworded event descriptions. Stability
is computed at the following levels:

— Yearly Stability: The probability that
the model predicts the correct year for
a paraphrased event, given that it was
correctly predicted for the original event.

— Monthly Stability: Evaluated only for
instances where the model correctly pre-
dicts the year.

— Daily Stability: Assessed when both the
year and month predictions are correct.

— Approximate Daily Stability: Similar
to daily stability but allowing for a +1-
day margin of error.

5 Results

Our experiments reveal several clear trends in LLM
performance on the time-sensitive fact recall task.
We evaluated base and instruction-tuned variants,
with parameter sizes ranging from 1B to 72B. Accu-
racy results are presented in Table 3, while stability
results are detailed in Table 4.

5.1 Instruction-Tuned Models Underperform

Across all model families, instruction-tuned vari-
ants underperform compared to base models on this
task. For instance, Gemma-27B achieves 55.16%
Yearly accuracy but drops to 44.11% after instruc-
tion tuning. Similarly, Llama-3.1 8B outperforms
its instruction-tuned counterpart, achieving 38.17%
versus 33.05%.

We hypothesize that the broad generalization
achieved during instruction tuning dilutes time-
specific factual recall, prioritizing task flexibility
over detailed temporal knowledge.

5.2 Impact of Model Size on Performance

Model size exhibits a strong correlation with per-
formance on our time-awareness benchmark, with
larger models consistently outperforming smaller
ones across all metrics. However, Qwen-2.5 72B
deviates from this trend, underperforming relative
to its parameter count. For instance, Gemma-2
27B Base achieves a Yearly accuracy of 55.16%,
surpassing Gemma-2 9B (45.45%) and Gemma-
2 2B (35.24%). This pattern aligns with broader
findings that larger models more effectively cap-
ture nuanced information, including temporal de-
pendencies. Qwen-2.5’s weaker performance may
stem from differences in training data quality, sub-
optimal fine-tuning, or a focus on multilingual gen-
eralization over precise factual retrieval.

5.3 Underperformance of Synthetic-Training
Models

Despite excelling in reasoning and generation,
synthetic-trained models like the Phi family strug-
gle with temporal recall. Phi-3-mini 3.8B achieves
only 26.00% Yearly accuracy, while the larger Phi-
4 14B reaches 34.26%. Notably, the 1B parameter
Llama-3.2 nearly matches Phi-4 with 33.35%, sug-
gesting that increased parameter size alone cannot
offset the limitations of synthetic data. This high-
lights a key weakness: synthetic datasets, though
effective for general knowledge, often lack the real-



Models | Yearly Acc | Monthly Acc | Daily Acc | Daily Acc Approx | Daily Total

Qwen-2.5 1.5B 22.07% 11.98% 3.30% 10.38% 0.09%
Qwen-2.5 1.5B 23.48% 11.74% 3.62% 13.57% 0.10%
Llama-3.2 1B 25.89% 11.61% 4.15% 5.81% 0.12%
Phi-3.5-mini 3.8B 27.57% 14.16% 3.83% 9.90% 0.15%
Phi-3-mini 3.8B 26.00% 15.16% 4.11% 10.76% 0.16%
Gemma-2 2B 29.65% 14.34% 4.99% 13.20% 0.21%
Qwen-2.5 7B 29.94% 14.45% 5.48% 12.68% 0.24%
Phi-4 14B 34.26% 18.70% 3.89% 10.70% 0.25%
Qwen-2.57B 32.28% 14.87% 5.45% 13.51% 0.26%
Llama-3.2 1B 33.35% 13.57% 6.06% 11.57% 0.27%
Llama-3.2 3B 32.81% 17.75% 4.71% 14.56% 0.27%
Gemma-2 2B 35.24% 17.13% 5.58% 11.36% 0.34%
Llama-3.2 3B 40.86% 20.75% 4.12% 11.18% 0.35%
Gemma-2 9B 40.11% 23.25% 4.68% 13.37% 0.44%
Gemma-2 9B 45.45% 24.28% 6.55% 15.82% 0.72%
Llama-3.1 8B 46.92% 27.66% 5.67% 12.30% 0.74%
Llama-3.1 8B 48.47% 27.42% 5.72% 12.10% 0.76%
Mistral-Nemo 12B 50.62% 31.70% 7.38% 14.69% 1.18%
Gemma-2 27B 44.11% 35.98% 7.78% 17.75% 1.23%
Qwen-2.5 72B 46.35% 32.66% 10.63% 21.66% 1.61%
Qwen-2.5 72B 48.47% 38.15% 11.19% 22.59% 2.07%
Gemma-2 27B 55.16% 42.09% 8.97% 18.58% 2.08%

Table 3: Performance of large language models on the time-awareness benchmark. The table reports accuracy
metrics at different granularities: yearly, monthly, daily, and an approximate daily measure that allows for a +1-day
error margin. The daily total accuracy reflects the model’s likelihood of correctly assigning an event to its exact day,
as further detailed in Section 4.5. The results highlight the performance gap between instruction-tuned models (rows
highlighted in blue) and their non-tuned counterparts, as well as the general accuracy improvement with increasing
model size—except for Qwen-2.5 72B, which underperforms relative to smaller models. Gemma-2 27B achieves
the highest overall accuracy.

Models | Yearly stability | Monthly stability | Daily stability | Daily stability Approx
Qwen-2.5 1.5B 11.14% 0.93% 0.02% 0.02%
Phi-3-mini 3.8B 12.31% 1.11% 0.02% 0.02%
Qwen-2.5 1.5B 13.16% 0.84% 0.03% 0.03%
Phi-3.5-mini 3.8B 14.72% 1.38% 0.03% 0.04%
Llama-3.2 1B 16.34% 0.98% 0.03% 0.03%
Qwen-2.5 7B 17.99% 2.02% 0.07% 0.07%
Gemma-2 2B 18.75% 1.91% 0.07% 0.09%
Gemma-2 2B 20.31% 2.33% 0.07% 0.07%
Llama-3.2 1B 20.42% 1.95% 0.06% 0.07%
Phi-4 14B 20.92% 2.81% 0.07% 0.09%
Qwen-2.5 7B 22.34% 3.40% 0.07% 0.09%
Llama-3.2 3B 22.60% 2.26% 0.04% 0.05%
Llama-3.2 3B 25.77% 3.72% 0.07% 0.07%
Gemma-2 9B 32.31% 9.02% 2.50% 2.78%
Llama-3.1 8B 33.05% 9.12% 2.61% 2.52%
Qwen-2.5 72B 33.52% 9.12% 2.00% 2.00%
Qwen-2.5 72B 35.05% 9.29% 2.33% 2.37%
Gemma-2 27B 36.39% 9.02% 2.12% 2.52%
Mistral-Nemo 12B 37.16% 9.31% 2.72% 2.75%
Llama-3.1 8B 38.17% 10.33% 2.69% 2.72%
Gemma-2 9B 38.19% 10.67% 2.47% 2.91%
Gemma-2 27B 39.39% 11.02% 3.12% 3.12%

Table 4: Model stability analysis. Again, the instruct-tuned models are highlighted in blue. The table illustrates
a general trend of increasing stability as the number of parameters grows. It also highlights the challenges of
prompting the model for finer-grained time horizons—rephrasing a sentence while expecting the model to predict
the exact same year, month, and day as in the original phrasing proves to be particularly difficult.

world temporal grounding needed for accurate re-
call of time-sensitive facts.



5.4 Performance over the years

Nearly all models evaluated in this study were
trained on datasets with a cut-off date of December
2023, as is explicitly stated for the Llama model
family. For other models, which were released in
the first half of 2024 but do not specify a precise
cut-off date, it is reasonable to assume their training
data extends to early 2024. This temporal bound-
ary is clearly reflected in their performance, with a
marked decline in accuracy for more recent facts,
as illustrated in Figure 6. Interestingly, all models
perform worse on recent events and better on older
ones, likely due to the higher availability, stability,
and reinforcement of past information in training
data, whereas newer events are less represented and
may undergo evolving interpretations.

Accuracy Type

2018

2019
2020
2021
2022

2023

0.0

Figure 6: Averaged performance of all models across
years, showing a clear drop in performance as the cut-
off date approaches.

Cut-off.
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5.5 Stability Across Paraphrases

Our stability evaluation highlights a significant
susceptibility of models to variations in phras-
ing. Even the best-performing model in our study,
Gemma-2 27B Base, correctly predicted the year
in only 39.39% of paraphrased cases, despite ac-
curately classifying the original event. Smaller
and instruction-tuned models, such as Llama-3.2
1B Base (20.42%) and Qwen-2.5 1.5B Instruct
(11.14%), exhibited even greater sensitivity, fre-
quently altering their predictions in response to
minor rewording. This trend becomes even more
pronounced as temporal granularity increases, with
accuracy dropping to single-digit percentages for
the best models in Daily stability assessments.
These findings reinforce a well-documented is-
sue in LLMs: prompt sensitivity (Zhuo et al., 2024;

Sclar et al., 2024; Zhan et al., 2024). Larger mod-
els tend to demonstrate greater stability than their
smaller counterparts, but even they struggle with
consistency when faced with slight linguistic vari-
ations, emphasizing the ongoing challenge of ro-
bustness in factual recall.

6 Conclusion

In this paper, we introduced a novel dataset and
evaluation benchmark specifically designed to as-
sess LLMs’ ability to handle time-sensitive facts,
addressing a critical gap in existing evaluation
methods that primarily focus on static factual re-
call. Our dataset, comprising over 8,000 events
spanning from 2018 to 2024, provides a structured
framework for testing models’ temporal awareness
by evaluating their ability to correctly associate
events with their respective time periods.

Beyond assessing temporal accuracy, our dataset
also enables the evaluation of model stability, of-
fering insights into their robustness against varia-
tions in prompt phrasing. This aspect is crucial for
understanding how reliably a model can maintain
consistency in its predictions.

Our findings indicate that larger models consis-
tently outperform smaller ones in time-sensitive
tasks, reinforcing the role of scale in factual re-
call. However, instruction-tuned models, despite
their strengths in general-purpose reasoning, strug-
gle with temporal reasoning. Additionally, models
trained primarily on synthetic data, such as those in
the Phi family, demonstrate notable limitations in
real-world temporal understanding. Furthermore,
our analysis highlights the significant impact of
prompt formulation on model behavior, revealing
how slight variations in wording can lead to differ-
ent predictions.

Time awareness is essential for real-world ap-
plications such as virtual assistants, fact-checking,
and temporal question-answering. By publicly re-
leasing our dataset and evaluation framework, we
aim to support further research in this area and
encourage the community to extend this work.

Limitations

While our benchmark provides a rigorous evalua-
tion of time-sensitive factual recall, it has certain
limitations. First, the dataset is exclusively in En-
glish, which may limit its applicability to multilin-
gual LLMs. Future work should extend the dataset
to include non-English events, enabling broader



linguistic coverage. Second, our evaluation frame-
work focuses on open-source models, as log prob-
ability access is required to perform a structured
ranking of temporal claims. This constraint pre-
vents us from directly assessing closed-source mod-
els, such as GPT-4 or Claude, unless they provide
likelihood scores. Third, while our dataset covers
diverse event categories and global sources, there
remains an overrepresentation of Western events,
particularly from the United States and the United
Kingdom, due to the nature of English-language
reporting. Expanding the dataset with multilingual
and regionally balanced sources could mitigate this
bias.
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A Appendix

In this section, we provide additional details on
dataset properties, evaluation distributions, and ex-
perimental results. These supplementary figures
further illustrate key aspects of our dataset’s struc-
ture and the robustness of our evaluation frame-
work.

A.1 Paraphrase Length Distribution

To ensure fair evaluation, we maintain similar
length distributions between original event descrip-
tions and their paraphrased variants. As shown in
Figure 7, the paraphrased sentences closely follow
the length distribution of the original events. This
minimizes potential biases where longer or shorter
phrasings could disproportionately affect model
performance.
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Figure 7: Comparison of sentence length distributions
between original event descriptions and their para-
phrased counterparts. The alignment of distributions
ensures that paraphrases do not introduce systematic
biases in model evaluation.

A.2 Accuracy Across Event Categories

To assess whether certain event categories are eas-
ier for models to predict, we analyze accuracy dis-
tributions across different domains. As depicted in
Figure 8, the model performance remains relatively
stable across categories such as politics, science,
and entertainment. This suggests that the temporal
reasoning task is not inherently skewed toward spe-
cific domains, reinforcing the general applicability
of our benchmark.

A.3 Accuracy Across Geographical Regions

Similarly, we analyze model performance across
different continents to ensure that temporal rea-
soning is not biased toward specific geographic
regions. Figure 9 shows that accuracy is relatively

12

Accuracy Type
Yearly Accuracy
Monthly Accuracy

= Daily Accuracy
mmm Daily Accuracy (Approx)

Crime & Law

Economy & Business

Entertainment & Arts

Environment & Ecology

Politics & Government

Religion & Philosophy

Science & Technology

Sports

0.0 0.4

Accuracy

0.6 0.8

Figure 8: Accuracy distribution across different event
categories. The relatively uniform performance indi-
cates that no single category disproportionately influ-
ences model accuracy, confirming the dataset’s balanced
composition.

consistent across continents, further supporting the
robustness of our evaluation framework. While
English-language news sources naturally introduce
an overrepresentation of Western events (e.g., USA
and UK), our dataset remains diverse enough to
challenge models across a wide range of global
events.

Accuracy Type
Yearly Accuracy
Monthly Accuracy
mmm Daily Accuracy
= Daily Accuracy (Approx)

Africa

Antarctica

Asia

Australia

Europe

North America

Oceania

South America

0.0 0.2 0.4

Accuracy

0.6 0.8

Figure 9: Accuracy distribution across continents. The
balanced accuracy levels suggest that the dataset pro-
vides a fair temporal reasoning challenge across diverse
geographic regions, despite the English-language focus.

A.4 Additional Insights and Future Work

Overall, the even accuracy distribution across event
categories and geographic regions reinforces the
robustness of our dataset. The alignment of para-
phrased sentence lengths with original event de-
scriptions ensures that variations in sentence struc-
ture do not introduce unintended evaluation biases.



Future work could extend the dataset by incorpo-
rating multilingual event sources, enabling evalua-
tion across different linguistic and cultural contexts.
Additionally, refining the event selection pipeline
to ensure better coverage of underrepresented re-
gions could further enhance the dataset’s utility.
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