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Abstract

Large Language Models (LLMs) have demon-
strated impressive performance on many es-
tablished reasoning benchmarks. However,
these benchmarks primarily evaluate structured
skills like quantitative problem-solving, leav-
ing a critical gap in assessing the more flex-
ible, multifaceted reasoning abilities that are
a cornerstone of human intelligence. These
skills require synthesizing logical deduction
with spatial awareness and constraint satisfac-
tion, which current evaluations do not ade-
quately measure. To address this gap, we in-
troduce RiddleBench, a new benchmark of
1,737 challenging puzzles in English designed
specifically to probe these core reasoning ca-
pabilities. Our comprehensive evaluation of
state-of-the-art models on RiddleBench reveals
fundamental weaknesses; even top-tier propri-
etary models like Gemini 2.5 Pro, 03, and
Claude 4 Sonnet achieve overall accuracy
scores of just above 60% (60.30%, 63.37%,
and 63.16%, respectively). Our analysis of
specific models further reveals deep failures,
including "hallucination cascades" (uncritically
accepting flawed reasoning of other/evaluated
LLMs) and poor self-correction due to a strong
self-confirmation bias. Furthermore, their
reasoning proves fragile, with performance
degrading significantly when faced with re-
ordered constraints or irrelevant information.
RiddleBench serves as a diagnostic tool for
these critical issues and provides a valuable re-
source for guiding the development of more
robust and reliable LLMs.

1 Introduction

The rapid advancement of Large Language Mod-
els (LLMs) has led to unprecedented performance
on many NLP benchmarks (Devlin et al., 2019;
Brown et al., 2020). While excelling at tasks like
text generation and translation, true intelligence re-
quires the ability to reason, deduce, and infer new
knowledge (Chollet, 2019). However, many exist-

A family has 6 members — Radhey, Krishna,
Madhav, Kanha, Gaur and Hari among 3 gen-
erations. Further it is also known that: Rad-
hey is the son-in-law of Krishna. Gaur who
is unmarried, has a sister and Hari has an un-
cle. Kanha is the grandmother of Hari. Both
the grandparents and parents of Hari are alive.
Which of the following does not belong to the
second generation of the family?

A. Madhav

B. Krishna

C. Gaur

D. Radhey

E. Either A or C

. J

Figure 1: An example from the RiddleBench benchmark
for Blood Relations.

ing benchmarks primarily measure pattern recog-
nition or memorization rather than deep reasoning,
making it difficult to fully assess a model’s infer-
ential capabilities (Saxton and et al., 2019; Cobbe
et al., 2021).

To address this, we propose RiddleBench, a
collection of 1,737 challenging puzzles from com-
petitive exams. These puzzles demand multi-step
deduction, spatial reasoning, and constraint satis-
faction, forcing models to reason from first princi-
ples.

Our contributions are threefold:

1. We introduce RiddleBench, a benchmark of
1,737 puzzles for evaluating LLM reasoning
in English.

2. We comprehensively evaluate leading LLMs,
highlighting strengths and weaknesses.

3. We structure our analysis around key research
questions, revealing phenomena like halluci-
nation cascades and poor self-correction.
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Figure 2: The step-by-step methodology for building
RiddleBench. The workflow combines automated ex-
traction with meticulous human evaluation to ensure
high-quality data.

RiddleBench is made publicly available to sup-
port research on robust reasoning systems.! Exper-
iments show that even the most powerful models
struggle with a significant portion of RiddleBench,
highlighting advanced reasoning as a key frontier
for LLM development.

2 Related Work

Evaluating the reasoning capabilities of Large Lan-
guage Models (LLMs) is an active and rapidly
evolving area. Existing benchmarks often focus
on narrow reasoning abilities rather than assessing
compositional or integrated reasoning.

Mathematical and algorithmic reasoning
datasets such as GSMS8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021) emphasize
structured, multi-step problems with determinis-
tic solutions. Commonsense reasoning tasks like
CommonsenseQA (Talmor et al., 2019) and Wino-
Grande (Sakaguchi et al., 2020) primarily evaluate
implicit knowledge retrieval rather than explicit log-
ical inference. Similarly, formal logic benchmarks
such as LogiQA (Liu et al., 2020) and RuleTaker
(Clark et al., 2020) measure rule-based deduction
but fail to capture the hybrid reasoning that arises
in natural, constraint-rich problems.

These approaches mostly test reasoning with
explicit, single-path solutions. In contrast, Rid-
dleBench emphasizes compositional reasoning,
where models must simultaneously satisfy multi-
ple textual constraints, construct internal spatial or

'aidbharat/RiddleBench

relational layouts, and infer relationships among
entities. This synthesis better reflects the kind of
cognitive integration required in real-world logical
puzzles.

While BIG-bench Hard (Suzgun et al., 2022) has
shown that complex reasoning remains a key weak-
ness for LLMs, RiddleBench provides a focused
diagnostic at the intersection of logical, spatial, and
constraint-based reasoning. Beyond accuracy, it
examines the reliability of reasoning itself, draw-
ing on approaches such as (Zheng et al., 2023) to
expose deeper error patterns like hallucination cas-
cades and confirmation bias.

3 RiddleBench

RiddleBench is a benchmark of 1,737 challeng-
ing puzzles designed to assess complex reason-
ing capabilities in LLLMs beyond mere accuracy.
The dataset specifically targets a model’s ability
to perform multi-step deduction, spatial reasoning,
and constraint satisfaction. As detailed in Table
1, the benchmark is organized into four main cate-
gories: Sequential Reasoning, Seating Arrange-
ments, Blood Relations, and Coding-Decoding.
(Examples of each puzzle type are provided in Ap-
pendix B.) The following subsections detail the
methodology for the collection and curation of this
data.

3.1 Data Collection and Curation

Problems were sourced from publicly archived
mock examination papers for Indian government
services. All puzzles are in the English language.
The curation process, shown in Figure 2, involved:

1. Content Extraction: Using OCR (Gemini
2.5 Flash (DeepMind and Al, 2025)) to digi-
tize questions, answers, and official reasoning
traces from source PDFs.

2. Data Structuring: Processing raw OCR out-
put to isolate each problem’s core compo-
nents.

3. Human Verification: Each data point was
manually evaluated by the authors to ensure
transcription accuracy and correctness.

This meticulous process ensures the high fidelity
of our dataset. RiddleBench is released under the
CCO license?.

2https://creativecommons.org/public—domain/
cco/
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Category (% of Total) Description

Primary Skills Tested

Sequential Reasoning (60%)

Seating Arrangements (25%)

Blood Relations (8%)
Coding-Decoding (7%)

Establishing linear order from rules

Deducing positions in spatial layouts

Inferring kinship from relationships

Applying rules to decipher patterns

Constraint Satisfaction
Logical Deduction

Spatial Awareness
Constraint Satisfaction

Logical Deduction

Logical Deduction
Pattern Recognition

Table 1: RiddleBench Dataset Composition and Core Skills Probed.

4 Experimental Design

We evaluate a suite of leading proprietary and open-
weight models (see Appendix A for a full list). All
evaluations use a zero-shot prompting methodology
with a temperature of 0.7, and a thinking budget of
8192 tokens. The exact prompt format is detailed
in Appendix C.

Our analysis moves beyond final-answer accu-
racy to assess the reliability and robustness of
LLM reasoning. RiddleBench’s puzzles, which re-
quire satisfying logical and spatial constraints, are
uniquely suited for this purpose as their structure
produces clear, diagnosable reasoning chains. We
therefore investigate the following research ques-
tions (RQs):

RQ1: Can LLMs reliably detect and correct rea-
soning errors made by other models, or do they fall
into a "hallucination cascade"?

RQ2: How effective are LLMs at self-
correction?

RQ3: Is LLM reasoning robust to the order of
information and to the presence of irrelevant infor-
mation?

For the cross-model (RQ1) and self-correction
(RQ2) experiments, we primarily use Qwen QwQ
32B (Alibaba Group, 2025) as the "evaluator"
model and DeepSeek-R1 (DeepSeek Al, 2025) as
the "generator" model, given their strong baseline
performance and API accessibility.

5 Results and Analyses

We now describe the performance of various mod-
els on RiddleBench, and follow up with analyses
aimed at understanding the reasoning capabilities
of said models.

5.1 Opverall Performance

We first establish baseline performance to contex-
tualize the reasoning capabilities of current models.
As shown in Table 2, while GPT-0ss-120B leads
with 69.26% accuracy, this result underscores a
critical reality: even state-of-the-art models fail
on nearly a third of the benchmark. Performance
varies significantly across categories. Models uni-
versally struggle on Seating Arrangement puzzles,
indicating that complex spatial reasoning remains
a formidable challenge. A common failure mode
in this category involved models successfully plac-
ing the first few entities but then violating an early
constraint when placing a later one, demonstrating
a failure to maintain a holistic and mutable "mental
model" of the layout. This performance ceiling,
even on the best models, motivates a deeper inves-
tigation beyond simple accuracy to understand the
underlying fragility of the reasoning process itself.
For a comparative visualization of each model’s
reasoning profile and a qualitative analysis of spe-
cific problem-solving heuristics, see Appendices
D, E, and F.

5.2 The ‘Hallucination Cascade’: Failures in
Cross-Model Correction

Our first research question probes the viability of
the "model-as-judge" paradigm, a cornerstone of
many modern evaluation pipelines. We tested this
by tasking Qwen QwQ 32B (Alibaba Group, 2025)
(the "evaluator") with assessing incorrect outputs
from DeepSeek-R1 (DeepSeek Al, 2025). In a sim-
ple forced-choice task between a correct and an
incorrect answer, the evaluator timed out in 55.0%
of cases (termed ’Thinking Exhausted,” where the
model’s output exceeded the 8192-token limit be-
fore reaching a conclusion), revealing that verify-
ing answers is often computationally intractable.
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Model Overall | SR SA BR CD

GPT-0ss-120B 69.26 76.43 51.99 71.23 64.23
03 63.37 79.60 25.93 65.75 54.92
Claude 4 Sonnet 63.16 69.68 43.52 74.66 63.41
Gemini 2.5 Pro 60.30 73.11 2431 73.97 64.75
DeepSeek-V3 58.28 61.64 45.02 71.92 57.72
Qwen QwQ 32B 50.86 68.05 17.66 42.47 27.64
DeepSeck-R1 50.56 65.48 12.68 54.79 46.34
Mistral Small 24B it 42.67 44.97 31.84 53.42 46.34
Llama 3.3 70B 27.48 25.74 22.39 43.15 39.84
Gemma 3 27B it 25.04 23.18 19.65 33.56 41.97

Table 2: Performance of evaluated LLMs on RiddleBench (1,737 puzzles). Scores are Correct Answers (%). SR:
Sequential Reasoning, SA: Seating Arrangement, BR: Blood Relations, CD: Coding-Decoding.

(Table 3).

A more alarming failure emerged when we pro-
vided the evaluator with the flawed reasoning trace.
The evaluator’s accuracy in identifying the flawed
logic was only 44.1%, no better than a coin toss.
Critically, it incorrectly validated the flawed rea-
soning as sound in 45.2% of cases. For example,
in one sample, DeepSeek-R1 (DeepSeek Al, 2025)
incorrectly concluded “Anu is third to the left” by
misinterpreting a relative position constraint. When
Owen OwQ 32B (Alibaba Group, 2025) evaluated
this, its trace read, “The reasoning follows a logi-
cal step-by-step deduction...” uncritically accepting
the initial flawed premise rather than re-solving
the problem from scratch. This tendency for one
model to propagate the plausible errors of another
constitutes a hallucination cascade.

To test the persistence of this effect, we had the
model re-evaluate the outputs it had just incorrectly
validated. The model reversed its incorrect judg-
ment in a mere 4.4% of cases, demonstrating a pow-
erful error fixation. Once a hallucination cascade
begins, our results show that iterative refinement is
almost entirely ineffective at stopping it.

5.3 The Illusion of Self-Correction

Given the failure of cross-model correction, we
investigated the arguably more critical capability
of self-correction (RQ2). We tasked Qwen OwQ
32B with judging the soundness of its own flawed
reasoning. The results were striking: The model
failed to identify its own errors in 67.7% of trials,
successfully flagging its flawed logic only 17.3%
of the time (Table 3). This success rate is dras-
tically lower than the 44.1% achieved when eval-
uating a peer’s reasoning, suggesting a powerful

Task / Verdict \ Count \ Percentage
Forced-Choice Answer Verification
Success 209 32.4%
Failure 81 12.6%
Thinking Exhausted | 355 55.0%
Reasoning Validation on Flawed Reasoning
Success 286 44.1%
Failure 293 45.2%
Thinking Exhausted 69 10.6%
Iterative Reasoning Validation

Success 12 4.4%
Failure 121 44.3%
Thinking Exhausted 140 51.3%
Self-Correction Reasoning Validation
Success 133 17.3%
Failure 520 67.7%
Thinking Exhausted | 115 14.9%

Table 3: Summary of Answer and Reasoning Validation
Results.

self-confirmation bias. Rather than being their
own best critics, models appear to be their own
most potent deceivers. This finding has sober im-
plications for multi-step reasoning processes that
rely on an LLM to iteratively refine its own work,
as the model is statistically far more likely to en-
trench its own errors than to correct them.

5.4 Fragile Reasoning: The Lack of
Robustness

Our final experiments (RQ3) probed the robustness
of the reasoning process by testing its sensitivity
to superficial changes in the prompt that should
not affect a logical reasoner. Examples illustrat-
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ing these prompt perturbations are provided in Ap-
pendix C. First, we randomly shuffled the order of
constraint sentences in puzzles. For a system build-
ing a true holistic mental model, order should be
irrelevant. However, performance on Qwen QwQ
32B (Alibaba Group, 2025) dropped significantly,
by 6.70 percentage points (p.p.) on Blood Relations
and 3.69 p.p. on Seating Arrangements (Table 4).
This suggests the model relies on brittle, sequential
heuristics rather than robust comprehension.

Second, we tested the model’s ability to filter sig-
nal from noise by inserting a single, irrelevant “red
herring” sentence (a misleading or distracting piece
of information) into the prompt. The model’s ac-
curacy proved volatile, with performance dropping
on most categories.

An anomalous result appeared in Blood Rela-
tions, where performance increased by 2.74 p.p.
(Table 4). This counter-intuitive finding suggests
the "red herring" may have disrupted a brittle
heuristic, forcing a more robust reasoning path.

guzzle Condition | Old New | Change
ype

SA Shuffled 17.66 | 13.97 -3.69
BR Shuffled | 42.47 | 35.77 -6.70
SA Noisy 17.66 | 14.58 -3.08
BR Noisy 42.47 | 45.21

CD Noisy 27.64 | 23.77 -3.87

Table 4: Performance of Qwen QwQ 32B under shuffled
constraints and irrelevant information. Performance
change is in percentage points (p.p.).

6 Conclusion

In this work, we introduce RiddleBench, a bench-
mark designed to test complex, multi-step reason-
ing in LLMs, revealing that even top models strug-
gle significantly. Our analysis uncovers several
critical failures in the specific models tested: a hal-
lucination cascade, where the tested models un-
critically adopt flawed reasoning of other/evaluated
LLMs; strong error fixation preventing the rever-
sal of incorrect judgments; and poor self-correction
due to a powerful self-confirmation bias. We also
find that LLM reasoning is fragile, easily disrupted
by reordered constraints or irrelevant information.

RiddleBench provides the research community
with a tool to diagnose these issues and measure
progress towards more dependable Al. We plan to
expand this effort through further dataset growth

and cross-lingual evaluations, as outlined in Sec-
tion 8.

7 Limitations

Our evaluation of proprietary models uses August
2025 API versions; performance may change with
updates. RiddleBench’s curation from Indian exam
materials may introduce cultural bias, although the
logical tasks are universal. High API costs and com-
putation limited cross-model and self-correction
experiments to a subset of models.

A key concern is data contamination. We miti-
gated this by sourcing puzzles from mock exam
PDFs, which are rarely part of standard web
scrapes. The multi-step deductive nature resists
memorization, but contamination cannot be defini-
tively ruled out for proprietary models with undis-
closed training sets.

8 Future Work

While RiddleBench provides a strong foundation
for evaluating logical reasoning, we plan to extend
this work in several key directions to further probe
the capabilities and limitations of LLMs.

First, we intend to expand the benchmark itself.
We may increase the number of problems within
the existing categories to enhance statistical robust-
ness and potentially introduce new types of logical
puzzles to assess a broader spectrum of reasoning
skills.

A primary goal for future work is to extend Rid-
dleBench beyond a single language. True reasoning
capabilities should be language-agnostic, and eval-
uating models on multilingual data is critical. We
plan to translate the benchmark into several other
languages. Given the origin of our source material,
we will initially focus on major Indian languages,
with the goal of eventually including other world
languages. This will enable a more comprehen-
sive, cross-lingual assessment of LLM reasoning
and help drive the development of more globally
competent models.

9 Ethics Statement

Through this work, our aim is to advance the study
of reasoning in Large Language Models by creat-
ing a challenging and publicly accessible bench-
mark. By highlighting critical vulnerabilities such
as hallucination cascades, poor self-correction, and
fragile logic, we hope to guide the development of
more robust, reliable, and safer Al systems.
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A Models Evaluated

We evaluated a comprehensive suite of LLMs, en-
compassing both leading proprietary systems and
prominent open-weight models to benchmark their
performance.

Proprietary Models
* 03 (OpenAl) (OpenAl, 2025b)

* Gemini 2.5 Pro (Google) (Team et al., 2023)

* Claude 4 Sonnet (Anthropic) (Anthropic,
2025)

Open-Weight Models

* DeepSeek-R1 (DeepSeek Al) (DeepSeek Al,
2025)

* GPT-0ss-120B (OpenAl) (OpenAl, 2025a)

¢ Mistral Small 24B it (Mistral AI) (Mistral
Al 2025)

e Llama 3.3 70B (Meta) (Meta Al, 2024)
* Gemma 3 27B it (Google) (Google, 2025)

* Qwen QwQ 32B (Alibaba) (Alibaba Group,
2025)

« DeepSeek-V3 (DeepSeek Al) (Al 2025)

All experiments were conducted using the latest
model versions available as of August 2025 and on
API keys.

B Dataset Examples
B.1 Coding-Decoding

Question: In a certain code
language FRAME is written
as QEBDL and BLOCK is
written as KAPJB. How is
PRIDE written in that
code language?

a) SQHFE

b) QSHEF

c) QQJCD

d) Q0JDC

e) None of these

B.2 Sequential Reasoning

Question: You are given a
numerical sequence in which

one term is missing, represented
by a '?'. Your task is to
analyze the pattern followed

by the numbers and determine

the missing value.

43 471 44 39 46 ?

B.3 Seating Arrangement

Question: Nine persons Anu, Bablu,
Cheenu, Dona, Esha, Faria, Gaurav,
Harish and Ishita are sitting

in a row and all are facing

north. It is known that Cheenu
sits exactly in the middle and
there is no person to the right
of Ishita. Dona is fourth to

the right of Faria. Gaurav and
Harish are sitting next to each
other. Esha is the neighbor of
Dona but not of Cheenu. Harish
doesn't sit at any extreme

corner. Dona is not sitting
adjacent to either Cheenu or
Ishita. Anu is second to the

right of Harish. Who is sitting
at the left most seat of the row?

A. Faria

B. Bablu

C. Gaurav

D. Dona

E. None of these

B.4 Blood Relations

Question: Soni is brother of
Moni, Daya is sister of Moni,
and Bala is father of Charu,
who is brother of Daya. If Moni
is son of Roop then how is Bala
related to Roop?

Wife

Husband

Son

Mother in law

Brother in law

mo o W >
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C Prompting Details and Samples

C.1 Zero-Shot Evaluation Prompt

The following prompt was used for the main evalu-
ation on RiddleBench.

Question: <question><options if any>.
Please always write the

final answer in \boxed{}.

Answer:

C.2 Prompt for Forced-Choice Answer
Verification

You are checking a logic based
sum. For a given question, determine
out of answer 1 and answer 2
which is correct. Since the
answers are for the same question,
you can assume similar context
for both answers and make
appropriate assumptions when
checking if they are correct.
Think about both the answers

and find out which one is correct.
Please put the final answer as

"1" or "2" in \boxed{}.

<question>
{question}
</question>

Answer 1: {correct_answer}
Answer 2: {predicted_answer}

C.3 Prompt for Reasoning Validation

You are a checker for logical
reasoning questions. You will be
given a Question, a Reasoning,

and an Answer. Your task:

(1) Check if the reasoning is
logically correct.

(2) Check if the answer is correct.
At the end, reply in the format:
\boxed{YES/NO, The correct answer
is ...}. Use YES if the reasoning
and answer are correct, otherwise
use NO and provide the correct answer.

Question : {question}
Reasoning : {reasoning}
Answer : {answer}

C.4 Sample Problems for Robustness
Experiments

The following examples illustrate the perturbations

applied.

Constraint Shuffling

Original: A is the father of B.
B is the sister of C. C is the
son of D. How is A related to D?

Shuffled: C is the son of D.

A is the father of B. B is the
sister of C. How is A related to D?

Model ing Profiles on Ri

BR

Figure 3: A radar chart illustrating the performance of
evaluated LLMs across the four reasoning categories of
RiddleBench. Each colored line represents a different
model, showing its strengths and weaknesses in SR, SA,
BR, and CD.

Irrelevant Information The irrelevant sentence
is highlighted in italics for clarity.

In a certain code language FRAME
is written as QEBDL and BLOCK

is written as KAPJB. *The programmers
who designed this language often
take breaks to play basketball.x*
How is PRIDE written in that code
language?

a) SQHFE

b) QSHEF

c) QQJCD

d) Q0JDC

e) None of these

4370



RiddleBench: Overall Performance of Evaluated LLMs

GPT-055-120B
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DeepSeek-V3
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Figure 4: Overall performance of evaluated LLMs on RiddleBench. The horizontal bars indicate the percentage of

correct answers for each model.

D Model Reasoning Profiles

Figure 3 compares LLM reasoning across the four
RiddleBench categories: Sequential Reasoning
(SR), Seating Arrangement (SA), Blood Relations
(BR), and Coding-Decoding (CD). Each axis shows
a category, and distance from the center reflects ac-
curacy.

The visualization reveals performance diversity.
For example, GPT-oss-120B exhibits a large, bal-
anced shape, indicating strong, well-rounded per-
formance. In contrast, other models display more
skewed profiles that reveal specific strengths (e.g.,
in Coding-Decoding) and weaknesses (e.g., in Seat-
ing Arrangements). Figure 4 shows overall LLM
performance on RiddleBench.

E Visual Aids in Solving Problems

In our qualitative analysis, we identified a unique
reasoning strategy exclusive to Gemini models for
solving Blood Relations puzzles: the generation
of ASCII art family trees. This emergent behavior,
shown in Figure 5, mimics the human technique
of drawing diagrams to visualize complex relation-
ships.

By translating textual constraints into a spatial
format, the model attempts a more sophisticated
reasoning process than purely sequential text de-
duction. Although this method does not guarantee
a correct answer, the strategy of building a visual
mental model represents a promising step towards

more robust and interpretable Al reasoning. This
approach was not observed in any other model we
evaluated.

(parent of P & Q)

Figure 5: An ASCII family tree generated by a Gemini
model for a Blood Relations puzzle, a unique visual
reasoning strategy observed in our analysis.

F Patterns in Thinking in Sequence Tasks

Our analysis of Sequential Reasoning puzzles re-
vealed that most models use a consistent, two-step
heuristic for numerical sequences. As exemplified
in Figure 6, models first try to find an arithmetic
pattern by calculating differences between terms.
If that is inconclusive, they pivot to checking for a
geometric pattern by calculating their ratios.

This standardized heuristic, which mirrors com-
mon human problem-solving methods, suggests
the models have learned an effective procedural
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algorithm. While efficient for typical problems
in RiddleBench, this formulaic approach indicates
procedural imitation rather than abstract reasoning.
This reliance on a fixed template may be a vulner-
ability for sequences that require more novel or
unconventional logic.

I need to analyze the pattern in this sequence:

10, 31, 94, 288, 868, 2609

Let me look at the differences between consecutive terms:
-31-10=21

- 94 - 31 =63

- 288 - 94 = 194

- 868 - 288 = 580

- 2609 - 868 = 1741

Now let me look at the ratios:
- 31710 =3.1

- 94/ 31 =3.03

- 288 / 94 = 3.06

- 868 / 288 = 3.01

- 2609 / 868 = 3.01

Figure 6: A typical reasoning trace from a model solv-
ing a numerical sequence. The model first checks for
arithmetic differences before successfully identifying
a geometric ratio pattern. This two-step heuristic was
common across most models.

G Model API Costing

The models evaluated in this study were accessed
through a combination of proprietary APIs and the
Deeplnfra platform.

The following models were accessed directly
via their respective API keys: GPT-0ss-120B, 03,
Claude 4 Sonnet, and Gemini 2.5 Pro.

All other models were accessed through the
Deeplnfra API (Deeplnfra, 2025): DeepSeek-V3,
Qwen QwQ 32B, DeepSeek-R1, Mistral Small 24B
it, Llama 3.3 70B, and Gemma 3 27B it.

The total cost incurred via API usage for the
entire project amounted to $314.
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