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Abstract

This paper presents our system developed for
VLSP2025: Vietnamese Date Arithmetic (date-
arith). The primary goal of this task is to
parse and manipulate temporal expressions to
compute new dates. This study presents a
novel approach to date arithmetic computa-
tion using Large Language Models (LLMs) en-
hanced with prompt engineering techniques.
Our methodology employs carefully designed
prompts to enable LLMs to autonomously iden-
tify key temporal features within input data
and execute accurate date calculations. To en-
hance computational precision, we integrate
semantic search capabilities that provide con-
textual information to support more reliable re-
sults. This prompt-driven methodology offers
a scalable solution for temporal reasoning tasks
without requiring extensive fine-tuning, mak-
ing it particularly suitable for multilingual and
domain-specific applications where traditional
rule-based systems may prove insufficient. We
achieve a very high accuracy of 0.98 on the
public test set and 0.99 on the private test set.

1 Introduction

Date arithmetic represents a fundamental challenge
in natural language processing, requiring systems
to accurately parse temporal expressions and per-
form mathematical operations on dates and time in-
tervals. This capability is essential for applications
ranging from historical research and legal docu-
ment analysis to automated scheduling systems and
temporal question-answering platforms. Our ap-
proach leverages large language models through
strategic prompt engineering (Chen et al., 2025),
enabling the system to autonomously identify tem-
poral features within input data and execute the
necessary calculations without relying on exter-
nal computational tools or predefined algorith-
mic frameworks (Xiong et al., 2024). To enhance
accuracy, we integrated semantic search mecha-
nisms that provide relevant contextual informa-

Question  Thai gian 1 ndm va 2 thang trudc thang 6, 1297
1a khi nao?
Answer  Théang 4, 1296
Question  Gia st ban dang & thang 4, 1316, thoi gian
sau 4 nim 12 thang, thi 12 thdi diém nao?
Answer  Thang 4, 1321
Question  Hay tinh thdi diém 10 nim trudc thang 2, 1088.
Answer  Thang 2, 1078

Table 1: Example data point from the training dataset.

tion to guide the model’s reasoning process during
date computation tasks. Through our participa-
tion in this task, we discovered that well-crafted
prompts combined with contextual augmentation
can significantly improve the model’s ability to
handle complex temporal reasoning scenarios, par-
ticularly when dealing with historical dates and
multi-component time intervals that require careful
parsing and sequential calculation steps.

2 Background
2.1 Task

The date arithmetic task involves processing ques-
tions that contain explicit temporal references and
mathematical operations on dates. Each input con-
sists of a natural language question specifying a
base date and a temporal operation, such as adding
or subtracting years, months, or days from the given
reference point. The system must parse these tem-
poral expressions, execute the required arithmetic
operations, and produce the resulting date as out-
put. The input questions typically follow patterns
that combine a temporal reference point with di-
rectional operations. For instance, questions may
ask for dates that occur before or after a specified
time period relative to a given base date. The ex-
pected output format consists of precise temporal
specifications, commonly expressed in month-year
format for this particular dataset. Example inputs
and outputs are provided in Table 1, demonstrat-
ing the range of temporal calculations required for



: base date M : operation
Question 1: Thoi gian 1 nam va 2 thang trudc
Question 2: Gia su ban dang ¢
Question 3: Hiy tinh thoi diém 10 nim trudc

, thoi gian sau 4 nam 12 thang, thi 13 thoi diém nao?

M : interval date
l1a khi nao?

Figure 1: Structure of Question with Three Core Components: Base Date, Operation, and Interval Date.

this task. Model performance is assessed using ex-
act match accuracy, where predictions must corre-
spond precisely to the ground-truth answers. This
strict evaluation criterion is appropriate for date
arithmetic tasks due to their deterministic nature.
Unlike text generation or classification tasks, where
metrics such as BLEU, precision, or recall capture
nuanced performance, date calculations operate on
binary correctness—a date is either accurate or in-
correct. For example, predicting "Thang 5, 1296"
when the correct answer is "Thang 4, 1296" rep-
resents complete failure regardless of numerical
proximity. Alternative metrics, such as semantic
similarity or edit distance would be inappropriate,
as they could incorrectly reward near-miss predic-
tions that provide no practical value in real-world
applications. This binary evaluation ensures the
absolute precision required for domains such as
historical research, legal document analysis, and
automated scheduling systems.

2.2 Dataset

The evaluation utilizes a Vietnamese-language
dataset structured across three standard partitions.
The training set contains 3,000 samples, the devel-
opment set includes 500 samples for validation, and
the test set comprises 1,500 samples for final per-
formance evaluation. The dataset focuses specifi-
cally on historical dates, with examples spanning
medieval time periods, which add complexity due
to the extended temporal ranges involved in the
calculations.

3 System Overview

In this section, we describe the system in detail. We
first generate synthesis data based on the training
set. Then, apply semantic search on this new data
to increase the information for the LLMs to make
predictions. The entire workflow is illustrated in
Figure 2.

Question  Thoi gian 1 ndm va 2 thang trudc thang 6, 1297
la khi nao?

Extracted components: Base date = June 1297,
Operation = Subtract (-), Interval = 1 year and
2 months. Calculation: Start from June 1297.
First, subtract 1 year, which results in June 1296.
Then, subtract 2 months from June 1296.
Subtracting 1 month from June is May, and
subtracting another month is April. Therefore,
the final result is April 1296.

Thang 4, 1296

Reason

Answer

Table 2: Example synthesis data have been generated.

3.1 Prompt Engineering

The dataset comprises three primary features that
capture temporal characteristics and operational
context (described in detail in Figure 1). The base
date represents the reference time point for each
observation. The operation feature categorizes the
type of activity or process being examined, it can
be either "before" or "after". The interval date
establishes the duration measurement relative to
the base date, enabling the temporal analysis of the
operational processes. These are the key elements
for prompt design.

The prompt architecture follows a structured
multi-component design that integrates established
prompt engineering techniques for temporal
reasoning tasks. The framework begins with
expert prompting (Xu et al., 2025) through explicit
role definition, positioning the Al as a "temporal
calculation expert specializing in precise date
arithmetic operations," which leverages role-based
prompting to activate domain-specific knowledge
and reasoning patterns. The task definition
component provides clear operational boundaries
by specifying the core function of interpreting and
executing date arithmetic calculations. The in-
structional framework employs a chain-of-thought
approach (Wei et al., 2023) through a three-step
sequential process: feature extraction (identifying
base date, operation type, and time interval),
chronological computation (applying temporal
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Figure 2: Overview of system pipeline.

logic with calendar rule considerations), and
structured response generation. The prompt incor-
porates comprehensive processing guidelines that
address edge cases such as leap years and month
boundaries, ensuring robust handling of temporal
complexities. Finally, the output specification
mandates a standardized JSON format containing
both detailed reasoning processes and final
calculated results, facilitating a consistent response
structure and enabling systematic evaluation of
the model’s temporal reasoning capabilities across
multiple test cases. The entire prompt can be
viewed in the section A.

3.2 Synthesis Data

For the synthesis data generation phase, training
questions were processed through the Llama3.1-
70B-Instruct (Vavekanand and Sam, 2024) model
using zero-shot chain-of-thought prompting (given
in Figure 3) to generate predictions on the train-
ing set. We only retain correctly predicted
samples to create synthesis data enriched with
reasoning explanations (as shown in Table 2).
These validated samples were subsequently em-
bedded using the Vietnamese-specific embedding
model dangvantuan/vietnamese-embedding '
and stored in a Qdrant % vector database for effi-
cient retrieval during the few-shot prompting phase
of the inference pipeline.

3.3 Few-Shot Inference

For each sample in the development and test sets,
we apply semantic search (Monir et al., 2024) to
select the k most similar examples based on cosine
distance from the Qdrant database. These retrieved
examples are then incorporated into a few-shot
chain-of-thought prompt (as shown in Figure 4)
and processed through the Llama3.1-8B-Instruct

"https://huggingface.co/dangvantuan /
vietnamese-embedding
“https://qdrant.tech/

model (Vavekanand and Sam, 2024) to generate
the final prediction. This retrieval-augmented ap-
proach leverages the synthetic training data to en-
hance the model’s reasoning capabilities on unseen
examples through contextually relevant demonstra-
tions.

3.4 Rule-based model

While the competition guidelines prohibited rule-
based systems for official submissions, we devel-
oped a simple rule-based baseline for compara-
tive analysis. The implementation employs regular
expression pattern matching to extract temporal
components from Vietnamese questions, including
the base date (month and year), directional indi-
cators (“sau” for addition, otherwise subtraction),
and interval magnitudes (years and months). The
calculation logic applies straightforward arithmetic
operations on the extracted components, handling
month-year boundary conditions through iterative
adjustments when month values exceed twelve or
fall below one. The complete algorithmic specifi-
cation is presented in Algorithm 1. This baseline
serves to demonstrate the relative effectiveness of
our prompt engineering approach compared to tra-
ditional deterministic methods, particularly in han-
dling the linguistic complexity and temporal rea-
soning requirements inherent in Vietnamese date
arithmetic tasks.

4 Experimental setup

To ensure consistent and structured outputs from
the large language models, we designed a system
prompt (as illustrated in Figure 5) that enforces
JSON response formatting. This prompt requires
the model to provide detailed reasoning and final
answers in a predefined structure, enhancing output
reliability and facilitating automated evaluation.
For the semantic search component, we selected
k = 3 based on empirical evaluation (see Section
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System Prompt

You must respond with a valid JSON ob-
ject that follows this exact structure:
{

"Reason": "Detailed explanation of
your calculation process, including ex-
tracted features and step-by-step compu-
tation",

"Answer": "Final calculated date in the
format "Théng [month], [year]"
¥
Requirements:

- Include all fields

- Provide clear explanations in the reason
field

- Output only valid JSON, no additional
text

Figure 5: System prompt setup so that the model always
gives JSON structured output.

5.2 for a detailed analysis). Regarding hyperpa-
rameter configuration for large language models,
we set the temperature to O to ensure deterministic
outputs and minimize hallucination effects, thereby
improving response consistency across multiple
runs. Additionally, we configured the random seed
to 13 to maintain reproducibility throughout our
experimental procedures.

5 Results
System Accuracy
Ours 0.98
trinhtrantran122 0.98
dgl23 0.98
HUET 0.98
Thailevann 0.98
hotuminh 0.98
truong13012004 0.97
Rule-based system 0.91

Table 3: Ranking on the development set based on ac-
curacy.

5.1 Main Results

Our experimental results demonstrate strong per-
formance across both development and private

test datasets. On the development set, we ob-
served progressive accuracy improvements: 0.94
with zero-shot prompting, 0.97 with one-shot
prompting, and 0.98 with few-shot prompting us-
ing three examples, all implemented with chain-
of-thought reasoning. As shown in Table 3, our
system achieved competitive performance along-
side other top-performing teams, with most leading
approaches reaching the 0.98 accuracy threshold
on the development set. On the private test set,
our method achieved exceptional performance with
0.99 accuracy, demonstrating robust generalization
capabilities.

To establish the effectiveness of our prompt en-
gineering approach, we compared it against a rule-
based baseline employing regular expression pat-
tern matching and deterministic arithmetic oper-
ations. The rule-based system achieved 0.91 ac-
curacy on the development set, seven percentage
points lower than our LLM-based approach. This
performance gap highlights the advantages of lever-
aging large language models for temporal reason-
ing tasks, particularly in handling the linguistic
complexity and semantic nuances inherent in Viet-
namese date arithmetic questions. Our prompt
engineering methodology demonstrates superior
adaptability to diverse question structures without
requiring manual rule specification for each lin-
guistic variation, thereby offering a more scalable
and maintainable solution.

5.2 Ablation Study
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Figure 6: Development set accuracy across different k
values.

To determine the optimal number of retrieved
examples for few-shot prompting, we conducted an
ablation study by varying the parameter k£ from 0



to 10, as illustrated in Figure 6. The results demon-
strate a clear performance trajectory: accuracy in-
creases sharply from 0.94 at k = 0 (zero-shot) to
0.97 at k = 1, reaching a plateau of 0.98 for £ val-
ues between 2 and 7. Beyond k = 7, performance
begins to degrade, dropping to 0.97 at k = 8, 0.95
atk = 9,and 0.93 at £ = 10. We selected k = 3
as the optimal configuration for our system based
on several considerations. First, three examples
provide sufficient contextual information to enable
accurate temporal reasoning without overwhelm-
ing the model with redundant demonstrations. Sec-
ond, this configuration strikes an effective balance
between prediction accuracy and computational
efficiency, as limiting the number of retrieved ex-
amples reduces prompt length and consequently
decreases response latency during inference. Third,
the stable performance across & values from 2 to 7
suggests that three examples occupy a robust op-
erating point within the plateau region, offering
reliable performance while maintaining processing
efficiency. The degradation observed at higher &
values likely results from context dilution, where
excessive examples introduce noise or exceed the
model’s effective attention span, thereby compro-
mising reasoning quality rather than enhancing it.

5.3 Error Analysis

Our error analysis reveals important insights about
both model performance and dataset quality across
different temporal complexity levels. Examining
the nine incorrectly predicted samples in the de-
velopment set (detailed in Table 4), we categorized
errors by interval complexity: simple operations
(single-unit intervals such as "6 years"), moderate
operations (two-unit intervals such as "6 years and
7 months"), and boundary cases (intervals result-
ing in year transitions). The analysis demonstrates
that our model’s predictions are mathematically
correct for all error cases when independently ver-
ified through manual calculations. Notably, the
ground truth labels contain systematic inconsis-
tencies, with years differing by several centuries
from both our predictions and manual verification
results (for example, predicting January 1898 for
"6 years and 7 months before August 1904" while
the label incorrectly shows May 1406). This pat-
tern persists across all complexity levels, includ-
ing straightforward single-year calculations and
more intricate multi-component intervals, indicat-
ing that the errors stem entirely from annotation

quality rather than model limitations in handling
specific temporal reasoning scenarios. The con-
sistent accuracy of our predictions across varying
question difficulties—from simple six-year addi-
tions to complex operations involving multiple tem-
poral units—suggests that our prompt engineering
approach effectively handles diverse temporal rea-
soning patterns, with the performance ceiling de-
termined by dataset annotation quality rather than
algorithmic capability.

5.4 Discussion

Our results demonstrate that prompt engineering
combined with semantic search retrieval offers a
viable alternative to traditional rule-based systems
for temporal reasoning tasks in Vietnamese. The
progressive improvement from zero-shot (0.94) to
few-shot prompting (0.98) underscores the value
of retrieval-augmented learning, where contextu-
ally similar examples enable the model to gener-
alize temporal reasoning patterns without explicit
fine-tuning. The seven-percentage-point advantage
over the rule-based baseline highlights the superior
adaptability of large language models in handling
linguistic variations and complex temporal expres-
sions.

Notably, our error analysis reveals that all nine
incorrect predictions on the development set were
mathematically correct, with discrepancies arising
from systematic annotation errors in the ground
truth labels rather than model reasoning failures.
This finding suggests that the actual performance
ceiling of our approach may exceed the reported
metrics, limited primarily by dataset quality rather
than algorithmic capability. The exceptional per-
formance on the private test set (0.99 accuracy)
further validates the robustness and generalization
capacity of our methodology across unseen tempo-
ral reasoning scenarios.

6 Conclusion

This paper presents a prompt engineering ap-
proach for Vietnamese date arithmetic reasoning
that achieves exceptional performance without re-
quiring extensive model fine-tuning. Our system
leverages strategic prompt design combined with
semantic search-enhanced few-shot learning to en-
able Large Language Models to accurately parse
temporal expressions and execute complex date
calculations. The methodology demonstrates high
performance, achieving 0.98 accuracy on the pub-



lic test set and 0.99 accuracy on the private test
set, with progressive improvements from zero-shot
(0.94) to few-shot prompting (0.98). The integra-
tion of synthesis data generation through chain-
of-thought reasoning and retrieval-augmented in-
ference provides a scalable solution for temporal
reasoning tasks across multilingual contexts. Fu-
ture work should explore extending this approach
to more complex temporal relationships, incorpo-
rating additional temporal units such as days and
hours, and evaluating the methodology’s effective-
ness across diverse languages and cultural calendar
systems to establish broader applicability in real-
world temporal processing applications.
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A Prompt Design

This appendix shows the prompts used for the system, including the zero-shot prompt (Figure 3) to create
synthesis data and the few-shot prompt (Figure 4) to make predictions.

Zero-Shot with Chain-of-Thought prompt

You are a temporal calculation expert specializing in precise date arithmetic
operations. Your expertise includes parsing temporal expressions, identifying
mathematical operations on dates, and performing accurate chronological calcu-
lations.

Perform date arithmetic calculations by interpreting questions that involve
adding or subtracting time intervals from given dates. Calculate the resulting date
based on the specified temporal operations and present your reasoning process
clearly.

Following these instruction step by step:
1. Extract the following key components from the input question:
- Base date: Identify the reference date/time mentioned in the question
- Operation: Determine whether to add (+) or subtract (-) the time interval
- Interval: Extract the specific time period to be added or subtracted (years,
months)
2. Using the extracted features, perform the chronological calculation:
- Apply the specified operation to the base date
- Account for calendar rules and month/year boundaries
- Ensure the resulting date follows proper temporal logic
3. Present your response in the following JSON structure:
{
"Reason": "Detailed explanation of your calculation process, including ex-
tracted features and step-by-step computation",
"Answer": "Final calculated date in the format 'Thang [month], [year]"

}

** Processing Guidelines **

- Parse temporal expressions carefully to avoid misinterpretation

- Handle edge cases such as leap years and month boundaries appropriately
- Maintain consistency in date format presentation

- Provide clear reasoning that demonstrates your calculation methodology

Input: #Question: ...
Output:

Figure 3: Zero-Shot with Chain-of-Thought prompt to generate synthesis data.



Few-Shot with Chain-of-Thought prompt

You are a temporal calculation expert specializing in precise date arithmetic
operations. Your expertise includes parsing temporal expressions, identifying
mathematical operations on dates, and performing accurate chronological calcu-
lations.

Perform date arithmetic calculations by interpreting questions that involve
adding or subtracting time intervals from given dates. Calculate the resulting date
based on the specified temporal operations and present your reasoning process
clearly.

Here are some examples:

Example 1: #Question:{...} #Reason:{...} #Answer:{...}
Example 2: #Question:{...} #Reason:{...} #Answer:{...}
Example 3: #Question:{...} #Reason:{...} #Answer:{...}

Following these instruction step by step:
1. Extract the following key components from the input question:
- Base date: Identify the reference date/time mentioned in the question
- Operation: Determine whether to add (+) or subtract (-) the time interval
- Interval: Extract the specific time period to be added or subtracted (years,
months)
2. Using the extracted features, perform the chronological calculation:
- Apply the specified operation to the base date
- Account for calendar rules and month/year boundaries
- Ensure the resulting date follows proper temporal logic
3. Present your response in the following JSON structure:
{
"Reason": "Detailed explanation of your calculation process, including ex-
tracted features and step-by-step computation",
"Answer": "Final calculated date in the format "Thang [month], [year]

}

om

** Processing Guidelines **

- Parse temporal expressions carefully to avoid misinterpretation

- Handle edge cases such as leap years and month boundaries appropriately
- Maintain consistency in date format presentation

- Provide clear reasoning that demonstrates your calculation methodology

Input: #Question: {...}
Output:

Figure 4: Few-Shot with Chain-of-Thought prompt to make final predictions.




B Pseudocode for rule-based systems

Algorithm 1 Parse Question and Calculate Time

function PARSEQUESTION(question)

Extract month and year from pattern "thang (\d+),\s*(\d+)"
if no match found then

return NULL
end if
month < extracted month value
year < extracted year value
direction <+ 1if "sau" in question else —1
years < 0
Extract years from pattern "(\d+)\s*nam"
if match found then

years <— extracted value
end if
months < 0
Extract all months from pattern "(\d+)\s*thang"
for each match do

if match < 12 and match # month then

months < match
break

end if
end for
return {month, year, years_delta : years x direction,

months_delta : months x direction}
end function

function CALCULATETIME(month, year, years_delta, months_delta)
year < year + years_delta
month < month + months_delta
while month > 12 do
month < month — 12
year <— year + 1
end while
while month < 1 do
month < month + 12
year < year — 1
end while
return (month, year)
end function




C Wrong Predictions

Question Predict Label

Hay tinh thdi diém 6 nim va 7 thang trudc thang 8, 1904 Thang 1, 1898  Thang 5, 1406
Gia st ban dang & thang 11, 1062, thdi gian trudc 3 ndm 4 thang, thi Ia thoi diém nao?  Thang 7, 1059  Théang 7, 1430
Ngay thang nao sé€ 1a 9 nam 2 thang sau thang 5, 1868? Thang 7, 1877  Thang 5, 1735
Gi4 st ban dang & thang 11, 1718, thdi gian sau 6 nim, thi 1a thoi diém nao? Thang 11, 1724 Théang 6, 1665
Thoi gian 5 nam va 5 thang sau thang 4, 1733 la khi nao? Théng 9, 1738  Thang 1, 1945
Hay tinh thdi diém 10 nim va 2 thang sau thdng 11, 1946 Thang 1, 1957  Thang 5, 1375
Gia st ban dang & thang 9, 1338, thdi gian sau 2 nim 11 thdng, thi 1a thoi diém nao? Théng 8, 1341  Thang 9, 1013
Hay tinh thoi diém 4 nam va 7 thang trudc thang 1, 1155 Thang 6, 1150  Thang 8, 1026

Gi4 st ban dang & thang 12, 1457, thdi gian sau 10 nim 12 thang, thi 1a thdi diém ndo? Thang 12, 1468

Thang 6, 1165

Table 4: Wrong predictions on the development set.



