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ABSTRACT

Large language models seem promising for handling reasoning problems, but their underlying solving mechanisms
remain unclear. Large language models will establish a new paradigm in artificial intelligence and the society as
a whole. However, a major challenge of large language models is the massive resources required for training
and operation. To address this issue, researchers are actively exploring compact large language models that
retain the capabilities of large language models while notably reducing the model size. These research efforts are
mainly focused on improving pretraining, instruction tuning, and alignment. On the other hand, chain-of-thought
prompting is a technique aimed at enhancing the reasoning ability of large language models. It provides an answer
through a series of intermediate reasoning steps when given a problem. By guiding the model through a multi-
step problem-solving process, chain-of-thought prompting may improve the model reasoning skills. Mathematical
reasoning, which is a fundamental aspect of human intelligence, has played a crucial role in advancing large
language models toward human-level performance. As a result, mathematical reasoning is being widely explored in
the context of large language models. This type of research extends to various domains such as geometry problem

solving, tabular mathematical reasoning, visual question answering, and other areas.
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Question: Bod has 2 apples and David has 5 apples. How
many apples do they have in total?

Rationale: x =2 + 5

Solution: 7
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C Question: In triangle
ABC, AD =3 and BD =
14. Find CD.

Choices: (A) 6.0 (B) 6.5
(C)7.0(D) 8.5

Answer: (B) 6.5
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- Passage: Although the movement initially
gathered some 60,000 adherents, the
subsequent establishment of the Bulgarian
Exarchate reduced their number by some
75%.

- Question: How many adherents were left
after the establishment of the Bulgarian
Exarchate?

- Answer: 15000
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Chain-of-Thought Prompting

Standard Prompting

s 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls.
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

Q He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

A The answeris 27. 9§ . ;

answeris 9. o
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