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I Introduction

v" Recently, LLMs have made significant advancements in arithmetic reasoning. However,
the internal mechanism of how LLMs solve arithmetic problems remains unclear.
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I Interactions

v Prior work has shown that a neural network’s output score can be decomposed as the
sum of the effects of symbolic interaction concepts.
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I Model

v" Quantifying interactions encoded by an LLM in intermediate layers
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I Comparative studies

v" We use interactions to analyze seven LLMs for Table 1: Overall accuracy (%) of different

: . : LLMs on arithmetic queries.
arithmetic reasoning.
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Comparative studies

Insight 1: The internal mechanism of LLMs for solving simple one-operator arithmetic
problems is their capability to encode2 operand-operator interactions and high-order
interactions from input samples.
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I Comparative studies

v" We further explore how an LLM learns to solve arithmetic problems.

v" We investigate how an LLM encodes different interactions when trained on arithmetic
problem data.
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I Comparative studies

Insight 2: The internal mechanism of LLMs for solving relatively complex two-operator
arithmetic problems is their capability to encode operator interactions and operand
interactions from input samples.
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I Comparative studies

Insight 3: We explain the task-specific nature of the LORA method from the perspective of

interactions.
Fine-tuned on two-operator queries
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I Summary

In this paper, we use interactions to provide a deep understanding of the internal

mechanism of LLMs for arithmetic reasoning.

v" The internal mechanism of LLMs for solving simple one-operator arithmetic problems is

their capability to encode operand-operator interactions and high-order interactions.

v" The internal mechanism of LLMs for solving relatively complex two-operator arithmetic

problems is their capability to encode operator interactions and operand interactions.

v" We also explain the task-specific nature of the LORA method from the perspective of

interactions.



Thank you!

NeurlPS 2025 Leilei Wen

Tongji University, Shanghai, China
Oct. 2025




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13

