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Abstract
The extent to which large language models (LLMs) can perform culturally grounded reasoning across non-English
languages remains underexplored. This paper examines the reasoning and self-assessment abilities of LLMs across
seven major Indian languages- Bengali, Gujarati, Hindi, Kannada, Malayalam, Tamil, and Telugu. We introduce a
multilingual riddle dataset combining traditional riddles with context-reconstructed variants and evaluate five LLMs-
Gemini 2.5 Pro, Gemini 2.5 Flash, Mistral-Saba, LLaMA-4-Scout, and LLaMA-4-Maverick under seven prompting
strategies. In the first stage, we assess riddle-solving performance and find that while Gemini 2.5 Pro performs
best overall, few-shot methods yield only marginal gains, and accuracy varies notably across languages. In the
second stage, we conduct a self-evaluation experiment to measure reasoning consistency. The results reveal a key
finding: a model’s initial accuracy is inversely correlated with its ability to identify its own mistakes. Top-performing
models such as Gemini 2.5 Pro are overconfident (4.34% True Negative Rate), whereas lower-performing models
like LLaMA-4-Scout are substantially more self-aware (42.09% True Negative Rate). These results point to clear
gaps in multilingual reasoning and highlight the need for models that not only reason effectively but also recognize
their own limitations.
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1. Introduction

Large language models (LLMs) such as GPT-
4 have demonstrated remarkable capabilities in
question-answering and reasoning on a variety of
English benchmarks (Achiam et al., 2023). How-
ever, this progress has been largely confined to
English-centric evaluations, leaving a significant
gap in our understanding of their performance
in multilingual and cross-cultural contexts (Ghosh
et al., 2025), and the same models often fail when
asked to apply knowledge in cross-cultural con-
texts (Liu et al., 2023). Riddles, which often find
their origins in traditional folk puzzles, are linguisti-
cally rich and context-dependent, making them an
ideal stress test for deeper understanding. Solving
riddles typically requires multi-step commonsense
reasoning, metaphorical or analogical interpreta-
tion, and even counterfactual thinking (Lin et al.,
2021). As highlighted by the recent survey on
puzzle reasoning with LLMs (Giadikiaroglou et al.,
2024), models frequently exhibit surface-level pat-
tern matching rather than genuine logical reason-
ing, particularly when tasks involve creativity, im-
plicit cues, or cultural context. Evaluating large
language models (LLMs) on such tasks offers valu-
able insight into their ability to combine linguistic
understanding, creative reasoning, and contextual
adaptability.

While existing benchmarks such as RiddleSense

(Lin et al., 2021), BrainTeaser (Jiang et al., 2023),
and BiRdQA (Zhang and Wan, 2022) explore rid-
dle solving as a test of commonsense reasoning,
they remain limited in their cultural and linguistic
scope. This gap highlights the need for methods
that can better guide LLMs in culturally-grounded
contexts. Prompt engineering offers a powerful
approach to this challenge, as studies consis-
tently show that techniques like chain-of-thought
and few-shot prompting significantly improve multi-
step reasoning (Qiao et al., 2022). The fact that
even minimal in-context examples can steer com-
plex behavior (Viswanathan et al., 2024) under-
scores the value of exemplar-based prompting for
equipping LLMs to solve culturally specific riddles.
More recently, the RISCORE (Panagiotopoulos
et al., 2024) framework introduced the idea of us-
ing context-reconstructed exemplars—where new
puzzles are automatically generated by altering
context but retaining logical structure—to further
boost riddle-solving performance in language mod-
els.

In this work, we systematically evaluate the
riddle-solving and self-assessment abilities of mod-
ern large language models across seven major
Indian languages—Bengali, Gujarati, Hindi, Kan-
nada, Malayalam, Tamil, and Telugu. While recent
work such as (Panagiotopoulos et al., 2024) has
examined English riddles, little is known about how
models perform when riddles are drawn from multi-
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Phase 1: LLM Rating

Select 7 LLMs: 
Gemini 2.5 Flash, Gemini 2.5 Pro, Grok3, 

Qwen3, Llama4, ChatGPT4O, DeepSeek-R1
Generate 1 riddle per 

model (10 riddles/language)

Blind rating by reviewers: 
Criteria: Logical Similarity, Contextual Novelty,

 
Clarity, Answer Appropriateness, Cultural Relevance

Select top 2 LLMs: 
Gemini 2.5 Pro, Flash

Phase 2: Riddle Generation & Curation

Use Gemini 2.5 Pro & Flash 
to generate 40–50 riddles

Use 4 prompts (2 loops): 
Prompt 1 & 3 (1 riddle), 

2 & 4 (5 riddles)

Curation & Adjudication 
(By native reviewers)

Validation: 
Calculate Inter-Annotator 

Agreement (IAA)
Final Curated Dataset

Phase 3: Evaluation of LLM Performance

Task 1: Riddle-Solving 
Evaluate 5 models with 
7 prompting strategies 

Metrics: 
Accuracy & BERT Score

Outputs: 
Generated Answers

Task 2: Self-Evaluation 
Feed Generated Answers 

back to models & ask "Yes/No" 

Metrics: 
TPR, TNR, & Balanced Accuracy

Figure 1: Overview of the comprehensive three-phase methodology, including LLM rating, riddle genera-
tion with validation, and a two-stage evaluation of riddle-solving and model self-awareness.

lingual and culturally grounded sources.
Our study seeks to answer the following research

questions:

• How effectively can current LLMs solve riddles
presented in diverse Indian languages?

• How do different prompting strategies such as
zero-shot, few-shot with random, semantically
similar, and contextually reconstructed exem-
plars affect riddle-solving performance across
these languages?

• Are LLMs capable of evaluating their own out-
puts, and what does this reveal about their
self-awareness and reasoning consistency?

To answer these questions, we construct a
new multilingual riddle dataset1 that combines
traditional riddles with context-reconstructed vari-
ants inspired from (Panagiotopoulos et al., 2024).
Through extensive experiments with multiple
prompting strategies, we analyze how prompting
style and language influence model performance
in riddle solving. Beyond generation, we further
introduce a self-evaluation framework that probes
each model’s ability to judge the correctness of
its own responses. Together, these investigations
provide a comprehensive understanding of how
current LLMs perform, generalize from examples,
and evaluate their own outputs across diverse In-
dian languages. An overview of our comprehensive
three-phase methodology is presented in Figure 1.

1Data and code can be found here: https://github.
com/ltrc/Riddle_of_reflection_paper

2. Related Work

Multilingual Reasoning in Large Language Mod-
els. Recent work has highlighted significant chal-
lenges in multilingual reasoning for large language
models. Recent work demonstrates that cross-
lingual reasoning via test-time scaling while scal-
ing inference-time compute improves reasoning
performance (Yong et al., 2025), a persistent gap
remains between English and non-English lan-
guages, with models showing degraded perfor-
mance in low-resource languages. This finding
is further corroborated by (Schut et al., 2025),
who investigate whether multilingual LLMs think
in English. Their analysis reveals that even when
prompted in other languages, many multilingual
models perform internal reasoning in English be-
fore translating back to the target language, leading
to cultural and contextual misalignments. These
findings underscore the importance of evaluating
models on culturally-grounded tasks in their native
languages. Many recent benchmark studies con-
firm that LLMs still struggle with multilingual and
culturally nuanced reasoning. For example, bench-
marks like IndicGenBench (Singh et al., 2024)
show a notable performance gap between English
and a variety of Indian languages, with large drops
in low-resource settings. Similarly, the MultiNRC
(Fabbri et al., 2025) benchmark reveals that when
models are tasked with native, culturally grounded
reasoning problems (including word-play, riddles,
and tradition-based puzzles) in non-English lan-
guages, none of the state-of-the-art models ex-
ceeded 50% accuracy.
Prompting Strategies and Reasoning in LLMs.
Prompting has emerged as one of the most ef-
fective approaches for enhancing reasoning at in-

https://github.com/ltrc/Riddle_of_reflection_paper
https://github.com/ltrc/Riddle_of_reflection_paper


5518

ference time. (Qiao et al., 2022) provide a com-
prehensive survey on reasoning with language
model prompting, identifying techniques including
few-shot, chain-of-thought, and self-consistency
prompting, showing that providing exemplars can
significantly improve multi-step reasoning. Quest-
Bench (Li et al., 2025) assessed whether LLMs
can formulate clarifying questions to improve their
reasoning-demonstrating that effective reasoning
often involves identifying missing contextual in-
formation. The challenges of puzzle-solving for
LLMs have been explored through various task-
specific studies. (Tyagi et al., 2024) investigate grid
puzzle solving and identify specific failure modes
where LLMs struggle with spatial reasoning and
multi-step constraint satisfaction. Their analysis
shows that even step-by-step reasoning can fal-
ter when tasks require maintaining complex state
representations. The RISCORE framework by
(Panagiotopoulos et al., 2024) introduce context-
reconstructed exemplars (i.e., same logical pattern,
altered context) as an effective way to stimulate
reasoning in riddles. Their approach demonstrates
improvements in English riddle-solving, but does
not extend to multilingual or culturally diverse set-
tings.
Self-Evaluation and Model Self-Awareness. The
ability of LLMs to evaluate their own outputs has
emerged as a critical dimension of model reliabil-
ity. (Huang et al., 2024) introduce a framework
for self-evaluation based on glass-box features,
analyzing internal model states to predict output
quality. (Ren et al., 2023) show that self-evaluation
can improve selective generation, allowing models
to abstain from answering when uncertain. How-
ever, (Liu et al., 2024) reveal significant limitations
through their Think-Solve-Verify framework, finding
that while models can sometimes identify errors
in their reasoning chains, this self-awareness is
inconsistent and often fails in complex reasoning
tasks. Most recently, (Nguyen et al., 2025) demon-
strate that LLMs exhibit evaluation awareness-the
ability to recognize when they are being evaluated-
and that this awareness can be both probed and
steered.

3. Methodology and Experiment

The methodology of this study is structured into
three main phases: (1) LLM selection for riddle
generation through a comprehensive rating pro-
cess, (2) generation and curation of a novel dataset
of context-reconstructed riddles using the selected
LLMs, and (3) a two-stage evaluation of LLM
performance, assessing both their riddle-solving
capabilities and their capacity for self-evaluation.
A contextually reconstructed riddle, inspired by
the RISCORE framework (Panagiotopoulos et al.,

2024), is defined as a riddle that maintains the
logical structure of an original riddle while com-
pletely altering its theme or context. An example
illustrating this transformation is shown in Figure 2.
An outline of the overall workflow is illustrated in
Figure 1.

Original Riddle 

िहंदी: ऐसी कौन – सी जगह है, जहाँ पर सड़क है पर गाड़ी नही,ं जंगल है पर पेड़ नही ंऔर शहर है पर घर नही ं?
उ�र: न�ा।  

English Translation: What is a place that has roads but no cars, forests but no trees, 
and cities but no houses? Answer: Map. 

Context-Reconstructed Riddle 1 

िहंदी: ऐसी कौन सी चीज़ है, िजसम� लोग ह� पर जान नही,ं जगह है पर माप नही,ं और समय है पर गित नही?ं
उ�र: त�ीर।  

English Translation: What is a thing that has people but no life, space but no measurement, 
and time but no movement? Answer: Photograph. 

Context-Reconstructed Riddle 2 

िहंदी: ऐसा कौन है, इसम� दुिनया बसी है पर कोई रहता नहीं, बात� होती ह� पर ज़ुबान नहीं, चीज़� िदखती ह� पर पकड़ नहीं सकते।
उ�र: मोबाइल �ीन।  

English Translation: What has the world inside it, but no one lives there; conversations happen, 
but there's no tongue; Answer: Mobile Screen

Figure 2: An original Hindi riddle (top) and two of its
context-reconstructed variants. Note how the core
reasoning pattern is maintained while the theme
and answer are altered.

3.1. Phase 1: LLM Selection

To identify suitable LLMs for generating context-
reconstructed riddles, seven trending models are
evaluated: Gemini 2.5 Pro, Gemini 2.5 Flash, Grok
3, Qwen3-235B-A22B (Yang et al., 2025), LLaMA
4 Maverick 17B Instruct (128E), ChatGPT-4o, and
DeepSeek-R1 (Guo et al., 2025). These models
are selected based on their reported performance
on various natural language tasks and their po-
tential to handle multilingual contexts. For each
model, 10 original riddles in each of the seven In-
dian languages (Bengali, Gujarati, Hindi, Kannada,
Malayalam, Tamil, and Telugu) are provided, along
with their answers. The models are prompted to
generate one context-reconstructed riddle per orig-
inal riddle, maintaining the same logical pattern
while altering the context.

The generated riddles are then assessed by
native-speaking expert reviewers in a blind rating
process. Each reconstruction is scored against five
key criteria: (1) Logical Similarity, the preservation
of the original reasoning pattern; (2) Contextual
Novelty, the creativity and distinctiveness of the
new context; (3) Clarity and Coherence, the linguis-
tic clarity and structural coherence of the riddle; (4)
Answer Appropriateness, the suitability of the new
answer; and (5) Cultural Relevance, the alignment
with cultural norms and idioms of the target lan-
guage. The overall LLM ratings across the seven
Indian languages are presented in Figure 3. The
evaluation shows that Gemini 2.5 Pro and Gemini
2.5 Flash perform best among the tested models,
demonstrating a stronger ability to capture linguis-
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tic nuances and cultural aspects specific to Indian
languages.
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Figure 3: LLM Performance in Reconstructed
Contextual Riddle Generation Across Indian Lan-
guages.

3.2. Phase 2: Generation and Curation of
Reconstructed-Context Riddles

Using the selected Gemini 2.5 Pro and Gemini 2.5
Flash models, we generated a large collection of
context-reconstructed riddles. The source material
consists of 96 traditional, publicly sourced riddles
for each of the seven Indian languages. To ensure
a diverse pool of candidate context reconstructions,
we use four distinct prompt variations, ranging from
simple requests to more detailed, analytical instruc-
tions. Each prompt is executed twice, producing a
pool of 40–50 candidate reconstructions for each
of the 96 original riddles per language. From this
pool, annotators manually review the candidates
and select the top four reconstructed riddles per
original riddle.
Curation and Inter-Annotator Agreement: To en-
sure the validity and reliability of the final dataset,
all generated candidates undergo a careful cura-
tion and validation process. For each language, a
team of native-speaking annotators (three for five
languages and two for Malayalam and Bengali)2

evaluates the reconstructions to identify those of
the highest quality. Each annotator marks “Y” for
acceptable candidates and assigns a quality score
from 0 to 10, reflecting an overall assessment
based on the same five criteria used during the
initial LLM rating phase. Since only top-quality rid-
dles are considered, most scores fall within the
7–10 range.

To measure the consistency of these subjective
judgments, we conduct an inter-annotator agree-
ment (IAA) study by calculating Cohen’s Kappa for

2The annotation team for Malayalam and Bengali
consists of two members due to the limited availability of
native expert reviewers.

each annotator pair. The average IAA across all
languages ranges from 55% to 61%. This moder-
ate level of agreement is expected, as evaluating
criteria like Contextual Novelty and Cultural Rele-
vance involves significant subjective interpretation.
Annotators often differed in their opinions on how
creative a reconstruction was or how natural its
phrasing sounded, which led to variations in the
scores. This finding confirms that selecting the
“best” creative contextual reconstructions is an in-
herently subjective task. In cases of disagreement,
annotators discuss collaboratively to finalize the
top four riddles for inclusion in the curated dataset.

3.3. Phase 3: Evaluation of LLM
Performance

LLM performance is evaluated in two distinct
stages: first, by assessing their direct riddle-solving
capabilities, and second, by probing their ability to
perform self-evaluation.

3.3.1. Riddle-Solving Task

The riddle-solving capabilities of LLMs are as-
sessed using five models selected for their strong
performance and general availability within the re-
search community: Gemini 2.5 Pro, Gemini 2.5
Flash, LLaMA 4 Maverick 17B Instruct (128E),
LLaMA 4 Scout 17B Instruct (16E), and Mistral-
Saba. The 96 original riddles in each language
serve as the test set. Seven distinct prompting
strategies are used to comprehensively evaluate
the impact of exemplar-based reasoning. The ex-
act prompt templates used for these experiments
are provided in Appendix A.2.

• Zero-Shot: The model receives only the test
riddle.

• 2-Shot and 4-Shot Random: The prompt
includes two or four randomly selected riddles
of the same language from the curated dataset
as exemplars.

• 2-Shot and 4-Shot Semantic Similarity: Ex-
emplars are the two or four riddles of the same
language from the dataset most semantically
similar to the test riddle, as determined using
LaBSE (Feng et al., 2020) embeddings and
cosine similarity.

• 2-Shot and 4-Shot Contextual Recon-
structed: Two or four context-reconstructed
riddles derived from the original riddle of the
same language are used as exemplars, follow-
ing the (Panagiotopoulos et al., 2024) inspired
approach.

The models’ outputs are evaluated against the
ground truth using two primary metrics:
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• Accuracy: The percentage of generated an-
swers matching the ground truth.

• BERTScore: The F1 score of semantic
similarity, computed using the ‘bert-base-
multilingual-cased’ (Devlin et al., 2019) model
to handle partially correct or varied answers.

3.3.2. Self-Evaluation Task

To examine the models’ self-awareness and rea-
soning consistency, we design a second experi-
ment. In this task, the answers previously gener-
ated by each model under the seven prompting
strategies for each language are used. The same
model is then presented with the original riddle
and its own candidate answer and asked to per-
form a binary classification to determine whether
its generated answer correctly solves the riddle.
The model is instructed to respond with a single
word, “Yes” or “No,” indicating whether the answer
is correct.

This experiment measures two key aspects of
self-awareness, defined using a standard confu-
sion matrix:

• True Positive Rate (TPR): The model’s ability
to correctly identify its own correct answers
(i.e., saying “Yes” when its initial answer is
right). This measures confidence and consis-
tency.

• True Negative Rate (TNR): The model’s abil-
ity to correctly identify its own incorrect an-
swers (i.e., saying "No" when its initial answer
was wrong). This measures the capacity for
self-correction and awareness of failure.

These two metrics, along with the derived Bal-
anced Accuracy (the average of TPR and TNR),
provide a deeper understanding of model reliabil-
ity beyond simple generation accuracy, revealing
critical insights into overconfidence and reasoning
stability.

4. Result and Discussion

This section presents the results from both experi-
ments of the evaluation: (1) riddle-solving perfor-
mance across five large language models (LLMs)
and seven prompting strategies, and (2) an analy-
sis of model self-awareness based on their ability
to evaluate their own answers. Together, they high-
light the models’ reasoning performance, ability
to generalize from examples, and consistency in
self-assessment across languages.

4.1. Riddle-Solving Performance

The initial evaluation focused on the models’ ability
to generate correct answers for 96 original riddles

per language under seven different prompting con-
ditions. Five LLMs: Gemini 2.5 Pro (G. Pro), Gem-
ini 2.5 Flash (G. Flash), Mistral-Saba (M. Saba),
LLaMA-4-Scout (L. Scout), and LLaMA-4-Maverick
(L. Mav) are evaluated on riddles across seven
Indian languages: Bengali, Gujarati, Hindi, Kan-
nada, Malayalam, Tamil, and Telugu. Model perfor-
mance is measured using two metrics: Accuracy
and BERTScore F1. Detailed numerical results for
all combinations are presented in Table 1.

4.1.1. Overall Model Performance

Gemini 2.5 Pro consistently outperformed other
models across most languages and prompting
settings. As shown in Figure 4 and Figure 5, it
achieves the highest accuracy in riddle-solving,
making it the best-performing model in our eval-
uation. Its highest accuracies are observed in
Gujarati (63.54% with 2-shot random) and Tamil
(56.25% in zero-shot), while its BERTScore F1
peaks at 93.04 in Gujarati (4-shot random). Gemini
2.5 Flash records the second-highest performance,
while Mistral-Saba, LLaMA 4 Maverick, and LLaMA
4 Scout form a lower-performing group.

Another observation from both plots is the signif-
icant and persistent gap between Accuracy (solid
lines) and BERTScore F1 (dashed lines). For all
models, BERTScore F1 values are consistently
high, typically ranging from 75% to 93%. In con-
trast, accuracy is substantially lower, with Gemini
2.5 Pro averaging around 40% and other models
performing below 30%. This wide gap suggests
that while the models are proficient at generating
semantically relevant or contextually appropriate
answers, they frequently fail to identify the precise,
creative solution required by riddles. Even with this
wide gap, the BERTScore F1 curves largely follow
the same trend as the accuracy curves. This indi-
cates that the factors affecting a model’s ability to
produce the exact answer also influence its ability
to produce a semantically close one.

4.1.2. Impact of Prompting Strategies

Model performance across the seven prompting
strategies, averaged over all languages, is shown
in Figure 4. Overall, the results show that the
choice of prompting strategy has only a modest im-
pact on performance. Few-shot approaches such
as 4-shot Random (average accuracy of 23.24%)
slightly outperform the zero-shot (21.47%), but
none of the prompting strategies provides a clear
or consistent advantage. Gemini 2.5 Pro, for exam-
ple, achieves its peak average accuracy with 4-shot
Random (42.11%), but its performance is nearly
identical in the zero-shot setting (41.52%). The
context-reconstructed examples also do not offer
a consistent advantage, suggesting that simply in-
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Language P. Strategy G. Pro G. Flash M. Saba L. Scout L. Mav

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Bengali 0-shot Std. 41.67 88.21 23.96 84.72 13.02 80.97 10.42 80.60 11.46 81.26
2-shot Rand. 39.58 87.27 22.92 84.74 17.71 83.08 6.25 79.27 11.46 81.03
4-shot Rand. 41.67 88.50 28.12 84.62 17.71 82.90 9.38 80.42 13.54 80.76
2-shot Sem. 42.71 87.35 28.12 84.06 15.62 82.67 8.33 80.96 13.54 80.89
4-shot Sem. 37.50 86.19 25.00 82.91 16.67 82.41 11.46 81.64 14.58 80.34
2-shot Ctx. 42.71 87.19 29.17 84.35 19.79 83.53 8.33 80.38 11.46 80.90
4-shot Ctx. 43.75 86.26 26.04 84.31 19.79 83.58 7.29 80.48 15.62 82.13

Gujarati 0-shot Std. 57.29 92.52 42.71 88.54 28.12 84.33 21.88 82.51 23.96 82.05
2-shot Rand. 63.54 92.68 41.67 88.40 32.29 85.36 21.88 83.08 30.21 84.62
4-shot Rand. 62.50 93.04 42.71 88.81 33.33 86.73 26.04 83.94 30.21 83.76
2-shot Sem. 61.46 91.74 43.75 88.81 28.12 84.06 20.83 83.69 27.08 83.52
4-shot Sem. 50.00 89.24 44.79 89.28 28.12 84.40 18.75 81.97 20.83 81.68
2-shot Ctx. 56.25 90.41 43.75 89.37 26.04 84.50 27.08 83.49 28.12 82.84
4-shot Ctx. 48.96 88.11 43.75 88.36 31.25 86.05 23.96 83.21 29.17 84.09

Hindi 0-shot Std. 45.83 90.12 36.46 87.72 37.50 87.50 11.46 81.64 27.08 84.37
2-shot Rand. 43.75 89.45 37.50 87.71 45.83 89.54 12.50 81.78 20.83 82.46
4-shot Rand. 46.88 90.45 36.46 87.88 38.54 88.63 17.71 83.04 22.92 82.90
2-shot Sem. 48.96 89.11 39.58 88.33 37.50 87.90 20.83 83.63 22.92 83.17
4-shot Sem. 41.67 86.95 35.42 87.26 34.38 88.29 21.88 83.74 26.04 84.60
2-shot Ctx. 45.83 88.35 38.54 88.34 39.58 88.38 16.67 81.69 26.04 84.14
4-shot Ctx. 41.67 86.63 38.54 87.81 40.62 89.37 16.67 83.24 26.04 83.88

Kannada 0-shot Std. 20.83 83.80 19.79 82.49 7.29 78.45 5.21 77.77 7.29 77.76
2-shot Rand. 23.96 83.58 18.75 82.07 12.50 79.76 3.12 76.47 11.46 78.49
4-shot Rand. 29.17 84.29 20.83 83.15 10.42 79.49 3.12 77.18 10.42 77.42
2-shot Sem. 23.96 80.98 17.71 81.80 10.42 79.40 7.29 78.80 8.33 78.49
4-shot Sem. 21.88 79.38 15.62 81.52 12.50 79.34 7.29 78.39 8.33 77.18
2-shot Ctx. 21.88 81.08 12.50 80.07 10.42 78.48 5.21 77.48 7.29 77.28
4-shot Ctx. 22.92 80.77 14.58 80.91 8.33 78.56 4.17 76.84 9.38 78.22

Malayalam 0-shot Std. 42.71 88.47 23.96 82.85 2.08 75.30 4.17 75.83 6.25 77.30
2-shot Rand. 36.46 87.04 22.92 82.40 1.04 76.38 3.12 75.02 10.42 78.55
4-shot Rand. 41.67 87.59 20.83 82.27 6.25 76.88 2.08 75.06 8.33 78.08
2-shot Sem. 45.83 87.19 23.96 82.87 3.12 76.50 6.25 76.98 8.33 77.23
4-shot Sem. 41.67 86.48 20.83 82.30 6.25 77.36 5.21 76.57 10.42 78.31
2-shot Ctx. 32.29 83.31 19.79 81.72 3.12 76.24 6.25 76.72 9.38 77.42
4-shot Ctx. 43.75 86.72 15.62 80.50 2.08 76.20 7.29 79.25 10.42 77.98

Tamil 0-shot Std. 56.25 91.58 31.25 85.63 15.62 81.40 9.38 79.57 16.67 81.56
2-shot Rand. 52.08 90.60 35.42 86.26 28.12 84.76 9.38 79.24 19.79 82.75
4-shot Rand. 52.08 90.72 36.46 86.79 25.00 83.40 7.29 77.94 17.71 82.09
2-shot Sem. 50.00 89.34 32.29 85.96 21.88 83.32 9.38 79.45 19.79 82.28
4-shot Sem. 41.67 87.12 33.33 86.36 22.92 83.65 12.50 80.26 18.75 81.68
2-shot Ctx. 52.08 89.28 32.29 85.05 19.79 82.38 4.17 78.23 18.75 82.74
4-shot Ctx. 45.83 87.73 35.42 86.73 21.88 83.07 11.46 79.67 21.88 82.31

Telugu 0-shot Std. 26.04 86.19 12.50 81.92 3.12 77.78 4.17 77.08 4.17 77.37
2-shot Rand. 23.96 85.32 15.62 81.98 10.42 79.63 3.12 75.53 6.25 77.40
4-shot Rand. 20.83 84.51 15.62 82.00 7.29 79.18 4.17 76.79 6.25 77.73
2-shot Sem. 17.71 81.14 12.50 81.28 8.33 78.85 4.17 77.38 7.29 78.56
4-shot Sem. 21.88 82.02 12.50 81.90 8.33 80.35 2.08 77.19 6.25 78.27
2-shot Ctx. 25.00 83.37 9.38 80.71 5.21 79.27 5.21 78.22 6.25 77.72
4-shot Ctx. 21.88 82.02 11.46 81.85 13.54 80.39 3.12 77.32 6.25 78.90

Table 1: Detailed Model Performance Across Languages and Prompt Strategies. Acc denotes Accuracy
(%), F1 denotes BERTScore F1. Highest scores per model within each language are bolded.
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cluding examples with similar reasoning patterns is
not enough to address the core challenges of this
task across different languages. The overall flat-
ness of the accuracy lines suggests that prompting
style has limited influence compared to the model’s
inherent strength in this type of task.
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Figure 4: Average riddle-solving accuracy (%) and
BERTScore F1 across seven prompting strategies
for five LLMs. The plot illustrates the minor varia-
tion in model performance based on the prompting
method.

4.1.3. Performance Disparities Across Indian
Languages

Performance varied significantly across languages
as shown in Figure 5. The plot shows a clear
trend where all models perform significantly better
on riddles in Gujarati, Hindi, and Tamil. Gemini
2.5 Pro, for instance, achieves its peak average
accuracy in Gujarati (57.14%) and Tamil (50.00%).
Conversely, performance drops dramatically for all
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Figure 5: Average riddle-solving accuracy (%) and
BERTScore F1 across seven Indian languages for
five LLMs. The plot illustrates the variation in model
performance based on the target language.

models in Kannada, Malayalam, and particularly
Telugu. In Malayalam, for example, Mistral-Saba’s
average accuracy falls to just 3.42%, and even

the top-performing Gemini 2.5 Pro only reaches
40.63%.

This suggests that model proficiency is not uni-
form across all Indian languages, likely reflecting
disparities in training data and cultural context rep-
resentation. Despite the variation in accuracy,
BERTScore F1 values remain consistently high
across all settings, indicating that models often pro-
duce semantically relevant responses even when
the exact answer is incorrect.

4.2. Performance on the Self-Evaluation
Task

While initial accuracy measures a model’s ability
to generate a correct answer, it does not reveal
the stability or reliability of its reasoning. To probe
this deeper layer of cognition, we conducted a self-
evaluation task in which each model assesses its
own previously generated answers using a simple
“Yes” or “No” response. Table 2 reports the True
Positive Rate (TPR), True Negative Rate (TNR),
and the derived Balanced Self-Evaluation Accu-
racy.

4.2.1. The Overconfidence of High
Performers

The most significant finding from this task is
the strong overconfidence shown by the top-
performing models. Gemini 2.5 Pro, despite having
the highest initial generation accuracy (39.09%),
shows an almost complete inability to recognize
its own errors. Its True Positive Rate (TPR) was a
perfect 100%, meaning it correctly confirmed ev-
ery single one of its right answers. However, its
True Negative Rate (TNR) is only 4.34%, indicat-
ing that when it generates an incorrect answer, it
still confidently claims it is correct more than 95%
of the time. This pattern of high TPR and very
low TNR is also observed in Gemini 2.5 Flash and
LLaMA-4-Maverick.

4.2.2. The Self-Awareness of Weaker
Performers

In contrast, models with lower initial generation
accuracy show significantly better self-awareness.
LLaMA-4-Scout, which has the lowest initial accu-
racy (9.95%), achieves the highest TNR (42.09%).
This means it can correctly identify and reject its
own incorrect answers far more effectively than any
other model. Mistral-Saba shows a similar trend,
combining modest initial accuracy with a strong
TNR (43.57%). This suggests that these models,
while less capable at generation, possess a more
reliable internal mechanism for evaluating the va-
lidity of an answer.
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Model Avg. Initial Acc.
(%)

Self-Eval.
(TPR)(%)

Self-Eval.
(TNR)(%)

Balanced
Self-Eval. Acc.

(%)

Gemini-2.5-Pro 39.09 100.00 4.34 52.17
Gemini-2.5-Flash 26.68 99.58 7.66 53.62
LLaMA-4-Maverick 15.09 96.60 10.40 53.50
LLaMA-4-Scout 9.95 95.73 42.09 68.91
Mistral-Saba 18.21 86.28 43.57 64.93

Table 2: Overall Model Performance on Riddle Generation and Self-Evaluation Accuracy across seven
Indian languages and prompting strategies. Best values per column are bolded.

4.2.3. The Performance vs. Self-Awareness
Trade-off

The quadrant visualization in Figure 6 maps self-
awareness against initial generation performance
trade-off. The x-axis represents generation perfor-
mance, while the y-axis represents self-awareness
as measured by Balanced Self-Evaluation Accu-
racy (the average of TPR and TNR). The models
fall into distinct categories:

• Overconfident Performers (Bottom-Right):
Gemini 2.5 Pro and Flash are high-performing
but lack self-awareness.

• Cautious and Aware (Top-Left): LLaMA-4-
Scout and Mistral-Saba are weaker perform-
ers but are more capable of identifying their
own mistakes.

• Unreliable (Bottom-Left): LLaMA-4-Maverick
struggled in both generation and self-
evaluation.

Crucially, no model falls into the ideal top-right
quadrant of high performance and high self-
awareness. This inverse relationship between ini-
tial accuracy and the ability to recognize errors is
a key finding, indicating that reasoning confidence
and self-awareness may not yet co-develop in cur-
rent LLMs.

4.3. Discussion

The results of our study reveal three key insights:
(1) Culturally grounded reasoning remains chal-
lenging: Even the top-performing models struggle
to consistently produce correct answers, indicating
that while LLMs can generate semantically rele-
vant responses, they often miss the precise, cre-
ative insights required for riddle-solving. (2) Lim-
ited Gains from Few-Shot Prompting: Adding
random, contextual, or semantically similar exem-
plars provides only modest and inconsistent im-
provements, suggesting that for tasks requiring
a blend of creative reasoning and deep cultural
knowledge. (3) Performance and self-awareness
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Figure 6: LLM performance vs. self-awareness in
riddle solving. The x-axis represents initial riddle-
solving accuracy, and the y-axis shows balanced
self-evaluation accuracy.

are inversely related: High-performing models,
such as Gemini 2.5 Pro, show near-perfect confi-
dence but often fail to recognize their own mistakes,
while lower-performing models like LLaMA 4 Scout
are more cautious and better at evaluating their
answers.

Overall, these results highlight persistent gaps
in multilingual reasoning and emphasize the need
for culturally grounded, reflective evaluation frame-
works across languages. Our objective is to better
understand the limitations of multilingual reason-
ing and model self-evaluation, rather than to pro-
pose mitigation strategies or architectural solutions.
Through a controlled evaluation framework and em-
pirical observations across languages and prompt-
ing strategies, we aim to provide insights that can
inform future work on more culturally grounded
evaluation of large language models.

5. Conclusion

This paper presented a systematic evaluation
of large language models’ reasoning and self-
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assessment capabilities across seven major In-
dian languages using riddle-solving as a culturally
grounded task. Our three-phase study-covering
model selection, dataset curation, and dual-stage
evaluation-showed that while models like Gemini
2.5 Pro achieved the highest accuracy, few-shot
prompting offered only limited gains, and no sin-
gle strategy proved consistently effective. Perfor-
mance varied widely across languages, underscor-
ing the ongoing challenges of multilingual reason-
ing. The self-evaluation results further reveal that
stronger models tend to be overconfident, whereas
weaker ones show greater awareness of their own
mistakes. This inverse relationship suggests that
current LLMs can generate likely answers but still
struggle to check whether those answers are ac-
tually correct. Future work will expand this anal-
ysis to additional languages and reasoning types
while exploring methods to enhance model self-
awareness through reflective training, and will also
investigate the development of a semi-automated
pipeline for dataset generation and curation to im-
prove scalability while maintaining linguistic and
cultural validity.

6. Ethics Statement

The development of foundational LLMs has been
overwhelmingly English-centric, a trend that risks
creating a significant digital divide and marginaliz-
ing non-English native speakers. In a nation like
India, where estimates suggest only 10-15% of the
population understands English, an over-reliance
on Anglocentric models is an ethical concern.

For LLMs to be inclusive and beneficial tools,
they must be able to grasp the cultural context,
nuance, and implicit cues of diverse linguistic com-
munities. This capability is essential for linguistic
minorities and marginalized communities to feel
represented and to interact safely with AI systems,
rather than encountering "cultural and contextual
misalignments".

This work aims to foster the development of foun-
dational models that are not just multilingual, but
truly multicultural in their reasoning capabilities, en-
suring that the benefits of AI are accessible and
relevant to all.
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A. Appendix

This appendix provides supplementary details, in-
cluding prompt templates, examples, and detailed
results by language and model.

A.1. Dataset and Annotation Notes

Each annotator evaluated roughly 4,200 generated
candidate riddles per language. Across the seven
languages, this resulted in approximately 29,500
reconstructed riddles being reviewed in total. This
manual review helped ensure the quality of the
reconstructed riddles and reduce noise in the final
dataset.

A.2. Prompt Templates

The same prompt templates are used across all
languages for zero-shot and few-shot prompting.
Representative templates are shown in Figures 7,
8, 9, 10 and 11.
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Prompt : Zero-Shot

You are an expert in solving Tamil riddles. 
Your task is to analyze the following Tamil riddle. 
Provide ONLY the answer. Do not include any explanations, introductions, 
or any text other than the answer itself. 

Tamil Riddle : 
பசை்ச ெபாட�்க்�ள் ெவள்ைள �த்�கள்? 

Answer :

Figure 7: 0-shot prompt (Tamil)

Prompt : 2-shot Random

You are an expert in solving Hindi riddles. 
Below are some examples of Hindi riddles and their answers. 
Study these examples carefully. 
For the final riddle presented, provide ONLY the answer. Do not include any explanations, 
introductions, or any text other than the answer itself. 

Examples: 
Example 1: 
Riddle: जुबान मुझे मार डालती है, पर भरोसा मुझे िजंदा रखता है। बताओ �ा?
Answer: राज़  
Example 2: 
Riddle: कौन सी चीज़ है िजसकी आवाज़ है पर ज़ुबान नही?ं  
Answer: घंटी  

Now, solve this riddle: 
Riddle : वह �ा चीज है िजसे आदमी छुपा कर और औरत िदखा कर चलती है ?  
Answer :

Figure 8: 2-shot random prompt (Hindi). Exem-
plars are randomly drawn from the full Hindi riddle
dataset.

• Zero-shot prompt. The model is instructed to
act as an expert riddle solver for the target lan-
guage and provide only the final answer. See
7 for an example zero-shot prompt in Tamil.

• Random few-shot. Examples are randomly
selected from the training pool for the target
language and presented as exemplars. See

Prompt : 2-shot Semantically Similar
You are an expert in solving Malayalam riddles. 
Below are some examples of Malayalam riddles and their answers. 
These examples were chosen because they are semantically similar to the kind of riddle you 
need to solve, even though their specific reasoning patterns might vary. 
Study these examples carefully. 
For the final riddle presented, provide ONLY the answer. Do not include any explanations, 
introductions, or any text other than the answer itself. 

Examples: 
Example 1: 
Riddle: അടിയിൽ മായ്�ു�വൻ, നടു�് മരം, മീെത മൂർ�?  
Answer: െപൻസിൽ 
Example 2: 
Riddle: കൂരിരു�ിൽ ഒരു തരി െപാ�്?  
Answer: മി�ാമിനു�്  

Now, solve this riddle: 
Riddle : െചടി െചടിയിേ�ൽകായ് ക�ിേ�ൽ െചടി?  
Answer :

Figure 9: 2-shot semantically similar prompt
(Malayalam). Exemplars are based on semantic
similarity to the target riddle, drawn from the full
Malayalam riddle dataset.

Figure 8 for an example 2-shot random prompt
in Hindi.

• Semantically similar few-shot. Exemplars
are selected based on surface semantic sim-
ilarity to the target riddle. See Figure 9 for a
2-shot semantically similar prompt in Malay-
alam.

• Context reconstructed few-shot. Ex-
emplars were manually selected from the
context-reconstructed riddle dataset to ensure
they preserve the underlying reasoning pat-
tern. See Figure 10 for a 2-shot context-
reconstructed prompt in Bengali.

• Self-evaluation prompt. We used a single-
token self-evaluation prompt to have the model
judge candidate answers as correct or incor-
rect. See Figure 11 for the exact instruction
layout.

Prompt : 2-shot Reconstructed Context
You are an expert in solving Bengali riddles. 
Below are some examples. Each example consists of an original Bengali riddle with its 
answer, followed by one or more 'context-reconstructed' Bengali riddles. 
These reconstructed riddles share the same underlying reasoning pattern as the 
original but are set in a different context, and their answers are also provided. 
Study these examples carefully to understand how the reasoning pattern is 
maintained across different contexts. 
For the final riddle presented, provide ONLY the answer. Do not include any explanations, 
introductions, or any text other than the answer itself. 
Examples: 
Example 1: 
Riddle: বু�� খা�টেয় বেলা েদিখ, েকান ফেল ফল ধের না?  
Answer: িবফল  
Example 2: 
Riddle: েকান িবচাের িবচার হয় না?  
Answer: অিবচার  
Now, solve this riddle: 
Riddle : যিদ থােক বু�� বেলা েদিখ েকান সুেখ সুখ েনই?  
Answer :

Figure 10: 2-shot context reconstructed prompt
(Bengali). Exemplars are selected from that
context-reconstructed riddles of each riddle, drawn
from the Bengali riddle dataset.

A.3. Detailed Results

The following tables report the numerical results
corresponding to the visualizations shown in Sec-
tion 4. Tables 3–6 report the values used to com-
pute the aggregated averages shown in the figures.

Strategy G. Pro G. Flash M. Saba L. Scout L. Mav Avg.

0-shot Std. 41.52 27.23 15.25 9.53 13.84 21.47
2-shot Rand. 40.48 27.83 21.13 8.48 15.77 22.74
4-shot Rand. 42.11 28.72 19.79 9.97 15.63 23.24
2-shot Sem. 41.52 28.27 17.86 11.01 15.33 22.80
4-shot Sem. 36.61 26.78 18.45 11.31 15.03 21.64
2-shot Ctx. 39.43 26.49 17.71 10.42 15.33 21.87
4-shot Ctx. 38.39 26.49 19.64 10.57 16.97 22.41

Table 3: Average accuracy (%) across seven Indian
languages by prompting strategy and model.
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Prompt : Self-Evaluation

You are an expert {Language} riddle analyst. 
Your task is to evaluate if the provided "Candidate Answer" is a good and correct 
solution for the given "{Language} Riddle". 
Critically analyze the riddle and the provided answer to determine if the answer is a 
correct and fitting solution. 
Your response MUST be a single word: either "Yes" or "No". 
Do NOT provide any explanations, reasoning, introductory text, punctuation, or any 
other words. Your entire output must be only "Yes" or only "No". 
- Respond "Yes" if the candidate answer is a correct or a very plausible solution. 
- Respond "No" if the candidate answer is incorrect, nonsensical, or a poor fit for the 
riddle. 
--- 
Riddle: {Language Riddle} 
Candidate Answer: {Generated candidate answer} 
--- 
Your single-word (Yes or No): 
---

Figure 11: Prompt template for self-evaluation
mechanism. The model is instructed to output
a single ’Yes’ or ’No’ token.

Strategy G. Pro G. Flash M. Saba L. Scout L. Mav Avg.

0-shot Std. 88.70 84.84 80.82 79.29 80.24 82.78
2-shot Rand. 87.99 84.79 82.64 78.63 80.76 82.96
4-shot Rand. 88.44 85.07 82.46 79.20 80.39 83.11
2-shot Sem. 86.69 84.73 81.81 80.13 80.59 82.79
4-shot Sem. 85.34 84.50 82.26 79.97 80.29 82.47
2-shot Ctx. 86.14 84.23 81.83 79.46 80.43 82.42
4-shot Ctx. 85.46 84.35 82.46 80.00 81.07 82.67

Table 4: Average BERTScore F1 across seven
Indian languages by prompting strategy and model.

A.4. Limitations

Below we discuss some limitations of using riddles
for evaluation.

• Cultural coverage. Even with seven lan-
guages, the benchmark does not capture the
full cultural or dialectal variation within each
language community. Performance may dif-
fer for regional riddles not represented in our
dataset.

• Annotator bias. Normalizing answers and
checking model outputs requires human judg-
ment. This can introduce some subjectivity
when deciding whether different synonyms or
phrasing should be treated as correct.

• Scalability. The dataset construction pro-
cess relies exclusively on manual curation

Language G. Pro G. Flash M. Saba L. Scout L. Mav Avg.

Bengali 41.37 26.19 17.19 8.78 13.09 21.32
Gujarati 57.14 43.30 29.61 22.92 27.08 36.01
Hindi 44.94 37.50 39.14 16.82 24.55 32.59
Kannada 23.51 17.11 10.27 5.06 8.93 12.98
Malayalam 40.63 21.13 3.42 4.91 9.08 15.83
Tamil 50.00 33.78 22.17 9.08 19.05 26.82
Telugu 22.47 12.80 8.03 3.72 6.10 10.62

Table 5: Average accuracy (%) across seven
prompting strategies by language and model.

Language G. Pro G. Flash M. Saba L. Scout L. Mav Avg.

Bengali 87.28 84.24 82.73 80.54 81.04 83.17
Gujarati 91.11 88.80 85.06 83.13 83.22 86.26
Hindi 88.72 87.86 88.52 82.68 83.65 86.29
Kannada 81.98 81.72 79.07 77.56 77.83 79.63
Malayalam 86.69 82.13 76.41 76.49 77.84 79.91
Tamil 89.48 86.11 83.14 79.19 82.20 84.03
Telugu 83.51 81.66 79.35 77.07 77.99 79.92

Table 6: Average BERTScore F1 (%) across seven
prompting strategies by language and model.

and review to ensure linguistic correctness
and cultural relevance. While this approach
improves dataset quality, it limits scalability
when extending the benchmark to additional
languages. Future work will attempt to explore
a semi-automated pipeline with LLMs-in-the-
loop, where models assist in generating candi-
date riddles while human reviewers focus on
validation.

• Training data overlap. Since many traditional
riddles are publicly available online and may
have been included in the training corpora of
LLMs, there is a possibility of data contamina-
tion. Models may therefore have prior expo-
sure to some riddles, which could influence
performance.


	Introduction
	Related Work
	Methodology and Experiment
	Phase 1: LLM Selection
	Phase 2: Generation and Curation of Reconstructed-Context Riddles
	Phase 3: Evaluation of LLM Performance
	Riddle-Solving Task
	Self-Evaluation Task


	Result and Discussion
	Riddle-Solving Performance
	Overall Model Performance
	Impact of Prompting Strategies
	Performance Disparities Across Indian Languages

	Performance on the Self-Evaluation Task
	The Overconfidence of High Performers
	The Self-Awareness of Weaker Performers
	The Performance vs. Self-Awareness Trade-off

	Discussion

	Conclusion
	Ethics Statement
	Acknowledgements
	Bibliographical References
	Appendix
	Dataset and Annotation Notes
	Prompt Templates
	Detailed Results
	Limitations


