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Abstract

This system paper describes our participa-
tion in the SemEval-2026 Task-7 “Everyday
Knowledge Across Diverse Languages and Cul-
tures”. We attended two subtasks, i.e., Track 1:
Short Answer Questions (SAQ), and Track 2:
Multiple-Choice Questions (MCQ). The meth-
ods we used are retrieval augmented generation
(RAGs) with open-sourced smaller LLMs (OS-
sLLMs). To better adapt to this shared task,
we created our own culturally aware knowl-
edge base (CulKBs) by extracting Wikipedia
content using keyword lists we prepared. We
extracted both culturally-aware wiki-text and
country-specific wiki-summary. In addition
to the local CulKBs, we also have one sys-
tem integrating live online search output via
DuckDuckGo. Towards better privacy and sus-
tainability, we aimed to deploy smaller LLMs
(sLLMs) that are open-sourced on the Ollama
platform. We share the prompts we developed
using refinement techniques and report the
learning curve of such prompts. The tested lan-
guages are English, Spanish, and Chinese for
both tracks. Our resources and codes are shared
via https://github.com/aaronlifenghan/
FLANS-2026

1 Introduction

We present the system report for SemEval Shared
Task 7 (Ousidhoum et al., 2026). Our contribu-
tions are: (1) We propose a sustainable and locally
deployable RAG framework using open-sourced
small language models for multilingual cultural
question answering. (2) We construct a multilin-
gual cultural knowledge base from Wikipedia and
curated facts to support culturally grounded QA. (3)
We perform a prompt ablation study demonstrating
the importance of structured prompt design for mul-
tilingual factual QA. (4) We introduce a cascaded
retrieval and model routing strategy that improves
answer grounding while maintaining efficiency.

2 Related Work

I) RAG for Culture-Aware Generation LLMs
have been known for their struggles when dealing
with culturally specific content due to knowledge
sparsity. To address this issue, there are related
work using RAGs for culturally-aware text gen-
eration. For example, from country and region
perspective, Lee et al. (2025) proposes a structured
evaluation framework to assess how well LLMs rep-
resent and generate minority cultural knowledge —
specifically focusing on Taiwanese Hakka culture.
Other language and culture specific RAG systems
including Islamic and Arabic (Alan et al., 2025;
AbdelAziz et al., 2025; Faruk et al., 2025), Yoruba
Culture and Language (African) (Joshua, 2024),
etc. Similarly, focusing on specific domains such
as education, LLMs’ hallucination can perpetu-
ate bias or outdated knowledge that are especially
risky when generating learning content for vulner-
able populations. Joseph et al. (2024) focused on
refugee learners and explored RAGs as a strategy
to improve the quality, contextual relevance, and
cultural sensitivity of educational content.

In a multilingual setting, while RAG helps in
knowledge-intensive tasks, it can also propagate
and amplify biases present in retrieved documents,
especially in cross-lingual settings where source
document quality varies. Li et al. (2025) con-
tributed a new dataset BordIRLines, containing
territorial dispute descriptions paired with relevant
retrieved Wikipedia documents (we also used for
our own work in this shared task). It covers 49
languages, spanning many language families and
resource levels, designed to test how well RAG sys-
tems handle culturally sensitive retrieval and gener-
ation across languages. To address cost of human
annotated benchmark, Zhang et al. (2025) provided
a scalable synthesis framework that combines hier-
archical cultural knowledge with retrieval mecha-
nisms for higher-quality, culturally grounded QA
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Figure 1: FLANS’s RAG. italic indicating variations

generation. Unlike benchmarks that rely heavily on
manual creation, CultureSynth demonstrates how
taxonomy-guided RAG can produce large amounts
of useful evaluation data across languages. Evalua-
tion of 14 popular LLMs using CultureSynth shows
larger models perform better on cultural QA tasks.
A parameter threshold around 3B is necessary for
basic cultural competence. Closely following this
route, we aim to explore lower-cost, sustainable,
secure, and smaller-sized LLMs on this task, for
which we list some related literature below.

II) Sustainable and Secure AI Researchers
have questioned the assumption that larger LLMs
are always superior. Scaling-law studies by Kaplan
et al. (2020) showed diminishing performance re-
turns as the model size increases, while, instead
the bigger the better, Han et al. (2024) demon-
strated that smaller, better-trained models can
match and even exceed over-sized counterparts, on
the domain-specific machine translation (MT) task.
NLP Researchers have started to highlight the sub-
stantial carbon and energy costs of large-score LM
training and advocate efficiency-aware solutions
(Strubell et al., 2019), e.g. model distillation, quan-
tization, and lightweight open-source models (Jiao
et al., 2020; Hu et al., 2023). Motivated by these
findings, we explore open-sourced small language
models (OS-sLLMs) and RAG to reduce computa-
tional cost, enable local deployment, and improve
privacy on culturally grounded QA.

3 Methodology

The methodology design of our system is shown
in Figure 1. The system is based on a multilin-

gual knowledge base (KB) in which documents
are split into small text chunks, encoded using a
multilingual embedding model, and indexed in a
local Chroma vector store, as shown in Figure 1
(upper-half). At inference time, the user question
is embedded in the same vector space and matched
against the index to retrieve the top-k most rele-
vant passages via semantic search. The retrieved
context is then combined with the original ques-
tion and inserted into a structured prompt template,
which is passed through the LLMChain to generate
the final answer. The SLMs are instructed to out-
put only a short factual response, ensuring concise
and consistent outputs. short factual answer. This
design enables the model to access culture-specific
information while keeping the overall system light-
weighted and compatible with local hardware.

The design of our system is motivated by the
specific characteristics of the BLEnD shared task,
which evaluates multilingual and culture-specific
factual knowledge across diverse languages. Here
we adopt a small-language-model (SLM) type.
Small models alone lack sufficient parametric
knowledge for culturally grounded questions, but
their behaviors are expected to become more sta-
ble and predictable when combined with exter-
nal evidence. Therefore, our system integrates:
(1) lightweight multilingual SLMs suitable for lo-
cal deployment, (2) structured prompt design to
enforce short, same-language answers, and (3) a
(RAG) module using a curated external knowledge
base. This architecture aims to balance accuracy,
multilingual robustness, and computational feasi-
bility while providing a transparent and extensi-
ble/adaptable framework for evaluating cultural
question answering. As a variation of our system
(RAG-WEB), we added online search component
via DuckDuckGo and language/model router func-
tion in italic.

3.1 Language and Model Selection
We first define the language scope of our system,
which directly informs our model selection under
local deployment constraints. Our development
process focused on the three languages most rel-
evant to our team and to the early stages of the
BLEnD dataset: Chinese, English, Spanish. These
languages were used to test model behavior, prompt
stability, and retrieval quality in a multilingual set-
ting.

To identify a suitable model for the BLEnD
short-answer questions, especially for Chinese
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queries, we first compared four small language
models available in Ollama that match our local
hardware constraints: Phi-4-Mini, Llama 3.2 (3B),
DeepSeek-R1 (7B), and Gemma 3 (4B). We asked
each model to generate answers for a subset of
BLEnD SAQ items and evaluated them based on
accuracy, response stability, and runtime efficiency.
Among these candidates, Gemma 3 showed the
most balanced performance, providing higher ac-
curacy on Chinese factual questions and noticeably
faster, more consistent output. Based on these ob-
servations, we selected Gemma 3 as the primary
model for our RAG-BASE system.

In the variation version (RAG-WEB),
we explored two models mistral:7b and
deepseek-llm:67b. The models are chosen
dynamically using the language identifier embed-
ded in each of the BLEnD questions’ ID. For
the majority of inputs that are not Chinese, the
mistral:7b model is used. This is because it
strikes a good balance between multilinguality,
inference speed, and local deployability. However,
experiments have revealed that it is not very
effective for Chinese queries in region-specific
contexts. For this problem, a deterministic
routing approach is adopted. If the language ID
is one of the Chinese variants (such as zh-CN,
zh-TW, zh-SG), the system switches to using the
deepseek-llm:67b model. This is because it is
much larger but performs better for Chinese factual
reasoning and named entity recognition.

3.2 Prompt Development
We evaluate three prompt variants of increasing
structural and cognitive constraint, denoted as Min-
imal Prompt (MP) and Refined Prompts (RP-v1
and RP-v2). MP served as a baseline and used a
minimal instruction, asking the model to produce
one short, correct answer in the same language as
the question, without additional guidance on for-
mat or reasoning. For Refined Prompts (RPs), we
explore different kinds of techniques such as per-
sona, format instruction, Chain-of-Thought (CoT)
and perspective-aware prompting (Ren et al., 2025;
Romero et al., 2025). Main design elements of
RP-v1 include:

• Assigning the model the persona of being a
factual multilingual assistant for a question-
answering benchmark.

• Enforcing a strict output format instruction
that produces only one concise answer in the

same language as the question, without any
explanations or extra text.

The goal of RP-v1 is to make the model’s out-
put more concise and consistent, and to reduce
common errors such as unnecessary words or lan-
guage switching, which small language models
sometimes produce in multilingual settings. RP-
v2 introduces a perspective-aware step inspired by
PA-ISP, incorporating implicit CoTs reasoning to
guide the model’s internal analysis before produc-
ing the final answer (Ren et al., 2025). In this
version, main design elements include, in addition
to the persona and strict output format from RP-v1:
a) Introducing a structured self-guided reflection
phase before answering, b) Guiding the model to
think internally in several structured steps, includ-
ing question analysis, information focus, answer
strategy, and error avoidance.

Among the Refined Prompts (RP-v1 and RP-v2),
the difference is that RP-v2 adds an explicit in-
ternal analysis stage before answer generation. It
encourages the model to examine the question from
multiple perspectives, such as language identifica-
tion and information type, before deciding on the
final answer. This design aims to improve answer
accuracy and consistency in multilingual settings,
especially for short-answer questions where the
model must select a single precise fact.

3.3 Knowledge Base Constructions

For RAG-BASE Knowledge Base Construction
(KBC), we build a multilingual knowledge base
in Chinese, English, and Spanish to support the
question-answering task. The KB combines two
sources: (1) Wikipedia content and (2) manually cu-
rated cultural facts. Wikipedia articles are selected
to cover common types of general-knowledge ques-
tions, including national symbols, geography, his-
tory, culture, and society. For each topic, we extract
sentences from introductory summaries, which typ-
ically contain clear and concise factual information.
These segments, either sentences or short para-
graphs, are used as individual KB entries, result-
ing in approximately 700 entries from Wikipedia.
To ensure reliable coverage of important and fre-
quently asked cultural facts, we additionally in-
clude around 200 manually curated statements,
such as official currencies or well-known national
associations. All KB entries are embedded using
the OllamaEmbeddings model and indexed with
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Chroma for vector-based retrieval. 1 For RAG-
BASE system, if the model retrieve some knowl-
edge, it will print the sentence out, otherwise it
prints “NULL".

3.4 Creating Pseudo Ground Truth

Since the official BLEnD gold answers cannot be
used for training or tuning, we created a small
pseudo ground truth set to support model devel-
opment and system debugging. This set was con-
structed using two complementary methods. First,
a small subset of Chinese, English and Spanish
questions was manually annotated by native speak-
ers or near-native speakers to ensure correctness.
Second, we used GPT-4 to generate initial candi-
date answers, which were then manually checked
and corrected via post-editing. This hybrid ap-
proach allowed us to build a reliable reference set
without introducing data leakage from the official
test labels. The pseudo ground truth was used only
for internal evaluation of prompt quality, model se-
lection, and RAG behavior, providing a controlled
way to assess system changes during development.

3.5 Language Routing

Given BLEnD’s wide range of languages and cul-
tural variants, we use a deterministic language rout-
ing approach. The language code embedded in
each question ID (e.g., es-MX, en-SG, zh-CN) de-
termines both the country-level knowledge base
and the LLM used for answer generation. This
means that Spanish queries about Mexico pull Mex-
ican cultural information, while English queries
about Singapore pull Singapore-specific sources.
For Chinese variants, this routing also activates the
DeepSeek model, which tends to give more reliable
results than the lighter alternatives.

4 System Development and Validation

4.1 Experimental and Evaluation Setup

For RAG-BASE: we use Gemma-4B and run all
experiments locally on a CPU-based laptop (Intel
i5-10210U, 16 GB RAM). No GPU or external
computing infrastructure is involved. This high-
lights the feasibility of lightweight and sustainable
deployment.

For RAG-WEB: we run experiments for MCQ
questions locally using Ollama with Mistral and

1we share our KB of wiki extraction and manually written
facts at our page https://github.com/aaronlifenghan/
FLANS-2026

DeepSeek models on a MacBook Pro (Apple M1,
16 GB RAM, 512 GB SSD). All computations
were performed on CPU-based Apple Silicon with-
out discrete GPU or external infrastructure. This
demonstrates that competitive multilingual cultural
QA performance can be achieved using modest
consumer hardware, supporting sustainable and ac-
cessible AI deployment.

We use the standard BLEnD evaluation proto-
col for system evaluation. For the Short Answer
Question (SAQ) track, a system prediction is said
to be correct if it matches any of the human refer-
ence answers for a given question. For the Multi-
ple Choice Question (MCQ) track, correctness is
measured by matching a system prediction with a
ground truth label. The final score is reported as
accuracy averaged across all language tracks. More
details about the evaluation protocol can be found
in (Myung et al., 2024).

4.2 Ablation Study of Prompts
Since our system only covers three languages (En-
glish, Spanish, and Chinese), the remaining lan-
guages contribute zero scores using the official
evaluation platform, resulting in a lower overall
score than the actual performance on the evaluated
languages. To obtain a clearer view, we report
results for the selected languages only. For each
language, scores are averaged over regional vari-
ants (e.g., zh-CN and zh-SG for Chinese). Detailed
per-language results for both Track 1 (SAQ) and
Track 2 (MCQ) under different prompt versions
are shown in Table 1 using our RAG-BASE sys-
tem. Figure 2 further visualizes the three-language
average scores across prompt versions.

For Track 1, performance consistently improved
from MP to RP-v2, suggesting that both explicit for-
matting instruction and perspective-aware prompt-
ing are beneficial for open-ended short-answer gen-
eration, where the answer space is relatively uncon-
strained. In contrast, Track 2 performance peaked
at RP-v1 and slightly declined with RP-v2. This
suggests that for multiple-choice questions, where
the answer space is already tightly constrained by
predefined options, additional internal reflection
may introduce unnecessary cognitive overhead and
interfere with option-level matching.

Overall, the prompt ablation suggests that most
performance gains come from explicit external con-
straints on output format and multilingual behavior.
While self-guided reflection can further improve
performance on open-ended short-answer ques-
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Language Track 1 (SAQ) Track 2 (MCQ)

MP RP-v1 RP-v2 MP RP-v1 RP-v2

English (en) 17.14 24.29 37.14 82.86 82.86 82.86
Spanish (es) 4.17 35.00 47.50 80.83 85.00 70.00
Chinese (zh) 27.14 41.43 48.57 65.71 82.86 68.57

Average 16.15 33.57 44.40 76.46 83.57 73.81

Table 1: RAG-BASE Prompt ablation results by language and task.

Language Track 1 (SAQ) Track 2 (MCQ)

RP-v1 RP-v2 RP-v1 (no local DB) RP-v1 RP-v1 (no local DB)

English (en) 16.67 0.00 16.67 83.33 83.33
Spanish (es) 33.33 0.00 33.33 61.11 72.22
Chinese (zh) 33.33 8.33 66.67 91.67 83.33

Average 27.78 2.78 38.89 78.70 79.63

Table 2: RAG-WEB Prompt ablation results by langauge and task.

Figure 2: RAG-BASE Learning curves of three prompt
ablation averaged over three-languages (en, es, zh).

tions, its benefits are limited for tasks with a tightly
constrained answer space, such as multiple-choice
questions. Based on these observations, we adopt
RP-v1 as the default prompt in our RAG-BASE

system, as it provides a strong balance between per-
formance, simplicity, and robustness across both
tracks.

For RAG-WEB, as shown in Table 2, scores are
weighted averages over regional variants based on
the number of evaluation questions. The evaluation
on Chinese has much improved scores for Track 1
(SAQ) using RP-v1 achieving 66.67 vs the highest
score 48.57 from RAG-BASE, although the other
two languages have dropped scores. Here, “no
local DB” means only using online search duck-
duckgo and wikipedia. For Track2, using local
database, Chinese further improved the score from
83.33 to 91.67, but Spanish score decreased 10 ab-

solute points (72.22 to 61.11), which means that
the Spanish DB might have introduced noise. This
leads to future work to explore DB quality con-
trol for RAG systems. Overall, we observe that
performance on MCQ is consistently higher than
on SAQ across all languages, reflecting the rela-
tive difficulty of free-form short-answer generation.
Chinese achieves the strongest MCQ performance,
benefiting from language-specific model routing to
a larger LLM, while Spanish shows comparatively
stronger gains on SAQ after aggregation.

4.3 Submission to SemEval-Test
For official submission to SemEval Task 7, we
submitted three systems using RAG-BASE, RAG-
WEB, and RAG-mix, where RAG-mix used RAG-
BASE for SAQ and RAG-WEB for MCQ, all using
the prompt RP-v1.

5 Conclusions and Future Work

In this system report, we described our FLANS
system architecture design and model development
for SemEval Shared Task 7 “Everyday Knowledge
Across Diverse Languages and Cultures”. For sus-
tainable and secure AI development, we explored
retrieval-augmented generation (RAG) using open-
sourced smaller LLMs and Wikipedia extracted
local knowledge base, together with online live
search engine using language and model routing.
We shared our detailed prompts developed and our
codes for open-sourced research purposes. Future
work includes improving knowledge base quality
control, expanding language coverage, and further
optimizing small model performance.
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6 Limitations

There are a few limitations from our current work:
1) The coverage gap is apparent where we only
focused 3 languages (EN/ES/ZH) out of the full
BLEND set. This can make the official evalua-
tion scores difficult to interpret and not compara-
ble to other systems by default. 2) RAG-WEB
results need more explainability, especially when it
gives 0 scores on English and Spanish SAQ task for
our prompt ablation studies. Further evaluations
can include interpreting when and how RAG-WEB
helps vs hurts. 3) Methodologically, the two RAG
systems used different models; however, we plan
to unify the comparisons in the future across two
models, as well as adding some comparisons with
strong baselines e.g. GPT-4 and other SemEval sys-
tems. 4) Other in-depth analysis and exploration
would be needed such as: cascaded retrieval + rout-
ing, KB coverage extension, ablation analysis on
retrieval quality, KB design, model choice, routing
decision, and grounding evaluation.

Disclaimer The opinions and conclusions ex-
pressed in this paper are those of the authors (LB)
and do not necessarily reflect the views of Insilico
Medicine AI Limited.
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A RAG-BASE and RAG-WEB

The two RAG systems we developed before merg-
ing are presented in Figure 3 and 4.

The steps to run RAG-BASE:

• 1st: run prompt; there is no output but just to
set it up.

• 2nd: run RAG; it might lead to some output.

• 3rd: print answer from LLM-w-RAG.

A.1 RAG-WEB Design Motivation

The BLEnD shared task tests culturally grounded
and country-specific knowledge in a wide variety
of languages and geographic locations. A large pro-
portion of the questions involve common practices,
local customs, institutions, and/or facts that are par-
ticular to a geographic area and are not expected
to be encoded in the parametric memory of a small
language model. On the other hand, the BLEnD
shared task does not allow task fine-tuning, which
calls for an inference strategy that boosts ground-
ing while maintaining low computational costs and
reproducibility.

In light of the above-mentioned issues with the
BLEnD shared task, we have devised a cascaded
retrieval-augmented inference strategy that is op-
timized for local execution. Instead of depend-
ing on a single source of information, the model
combines different channels of evidence with a
fallback strategy: web search with low overhead,
local knowledge base with country-specific infor-
mation from Wikipedia (optional), and responses
from a parametric model when applicable. The
model prioritizes precision and format correctness
over recall and explicitly allows abstention through
a <NO_ANSWER> output when evidence cannot
be established. The final model strikes a balance
between local search and quality of answers due
to a trade-off observed during development: lo-
cal search improves recall but hurts the quality of
answers for culturally nuanced short answers.

A.2 RAG-WEB KB

For each country included in BLEnD, a brief set
of highly informative Wikipedia pages regarding
country overviews, culture, cuisine, tourism, his-
tory, etc., was automatically compiled. This collec-
tion was then split into overlapping text segments
using a character-based text splitter, which ensures
semantic coherence. Each text segment was then

embedded by OllamaEmbeddings (Mistral-based)
before being stored in a country-specific Chroma
vector database, db_{country}.

This structure enables efficient semantic re-
trieval, ensuring that culturally relevant data re-
mains geographically relevant. Notably, the lo-
cal knowledge bases are used as optional evidence
sources, not as a source of ground truth, with access
restricted at runtime.

A.3 RAG-WEB vs Traditional RAG

While the methodology takes its cue from conven-
tional RAG frameworks, the proposed system dif-
fers in that it does not strictly follow a one-pass
retrieval and generation strategy, as in the case
of conventional RAGs, and instead adopts a cas-
caded inference strategy that is more suitable for
the BLEnD task. Each country in the dataset is
associated with an optional local knowledge base,
implemented as a separate Chroma vector database.
The databases are built on a curated subset of rel-
evant Wikipedia pages, including those related to
national overview, culture, cuisine, tourism, and
history.

In terms of its inference strategy, the proposed
system follows a multi-stage decision process.
First, the question ID is tokenized and analyzed
to determine the language and country code, which
in turn determines the language model and, if en-
abled, the country-specific local knowledge base.
The system next determines if a direct model-only
response is appropriate, a strategy primarily re-
served for encyclopedic types of queries and not
culturally informed short-answer queries, in which
case an unguided generation process is not reliable.

In terms of retrieval, if evidence is requisite, the
system uses a prioritized cascaded strategy. First,
web search using DuckDuckGo is attempted, as this
search engine is more likely to return concrete and
contextually relevant information snippets relevant
to everyday cultural queries (we consider the top-8
candidates). If this fails, the system will attempt
a semantic similarity search using the country-
specific webpage from Wikipedia summary (the
free text in the top the of the page).

At each stage, retrieved evidence is injected into
the prompt and the model is asked to answer only
if the answer is explicitly supported by the context.
If no stage produces a valid answer, the system
outputs <NO_ANSWER>.
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A.4 RAG-WEB inference
Our final stage of inference utilizes a combination
of retrieval from multiple external sources with
dynamic routing of the language model. Depending
on the type of query and availability, the system
may retrieve supporting evidence from live web
search, country-specific local knowledge bases, or
Wikipedia summaries.

In the presence of local knowledge bases, queries
are embedded in the same vector space as country-
specific Chroma databases to retrieve semantically
relevant cultural documents. Local knowledge re-
trieval, however, is not a necessary component, as
empirical analysis showed that local retrieval can
add noise to culturally grounded short-answer ques-
tions.

For most queries, web search through
DuckDuckGo is preferred, especially when queries
are about general practices, cuisine, or institutions.
Wikipedia summaries are used as a fallback option
when queries are encyclopedic or historical in
nature. Retrieved passages are embedded into
a prompt template, with the model being asked
to respond only when the answer is explicitly
supported by the evidence provided.

B Detailed Prompts

This appendix presents the three prompt variants
used in our prompt ablation study.

B.1 Minimal Prompt (MP)

"""
Our goal is to give one short, correct answer for

each question in its original language.↪→

"""

B.2 Refined Prompt-v1 (RP-v1): Instructions
+ Persona

"""
You are a factual multilingual assistant for a

question-answering benchmark.↪→
Your goal is to give one short, correct answer

for each question in its original language.↪→

Instructions:
- Read the question carefully.
- Respond ONLY with the concise answer — a word,

number, name, or short phrase.↪→
- Do not include explanations, reasoning, labels,

or extra words.↪→
- If the question asks for a person, place, or

date, give only that entity.↪→

- Keep the answer in the SAME language as the
question↪→

(Chinese → Chinese, English → English, Spanish
→ Spanish).↪→

Now answer the following question.

"""

B.3 Refined Prompt-v2 (RP-v2): Persona +
Perspective-aware + CoTs

"""
You are a factual, multilingual assistant for a

question-answering benchmark.↪→
Your goal is to produce ONE short, correct answer

for each question in its original language.↪→
Before answering, please think about the task:

1. Question Analysis:
- Identify the language of the question.
- Identify what type of information is being

asked (person, place, date, object, concept,
number, or other).

↪→
↪→

2. Information Focus:
- Determine the single factual element required

to answer the question.↪→
- Ignore any irrelevant or descriptive details.

3. Answer Strategy:
- Recall general world knowledge relevant to the

question.↪→
- Prefer the most standard, widely accepted

answer.↪→
- Avoid over-specific or explanatory phrasing.

4. Error Avoidance:
- Do NOT include explanations, reasoning, or

extra words.↪→
- Do NOT translate or restate the question.
- Do NOT include multiple candidates or

alternatives.↪→

After this internal analysis, provide ONLY the
final answer.↪→

Answering Rules:
- Output a single short answer (a word, name,

number, or short phrase).↪→
- Keep the answer in the SAME language as the

question.↪→
- Do not include labels, punctuation, or

additional text.↪→
- If uncertain, give your best plausible short

answer based on general knowledge.↪→

Now answer the following question.

"""
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