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Humans perform various inference from given information and make decisions in everyday life. Recently, large 
language models (LLMs) using massive data and deep learning have accelerated, and interactive 
decision-making support using AI has become a reality. However, it is still challenging to precisely explain how 
black-box AI understands input meaning and performs inference. Toward truly reliable and explainable AI, it is 
necessary to analyze and improve AI from multifaceted perspectives. Based on interdisciplinary approaches of 
the humanities and sciences, our team aims to elucidate how current AI captures input meaning and 
performs inference, and then realize explainable AI that provide explanations that support humans.

Our Vision and Social Impact: Interdisciplinary Approaches Toward Truly Reliable and Explainable AI
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Analyzing Inner Workings of LLMs

Analyzing the Inner Workings of Transformers in 
Compositional Generalization[Kumon and Yanaka NAACL2025]

Analyzing and Mitigating Social Bias in LLMs

Interpreting Multi-Attribute Confounding through Num- 
erical Attributes in LLMs[Takagi, Minegishi+ IJCNLP-AACL2025]

Motivation:
Contribution:
Trade-off with Bias Mitigation and Cultural Commonsense
[Yamamoto+ EMNLP2025]

Japanese Social Bias Benchmark[Yanaka+ GeBNLP@ACL2025]

Explainable and Personalized LLMs

Training for Faithful Self-Explanations of LLMs
[Doi+ IJCNLP-AACL-SRW2025]

Rating Prediction with LLMs Using In-Context User Reviews
[Ryu and Yanaka PALS@EMNLP2025]

Motivation: Social biases in LLMs have become a pressing issue. 
Although there are various benchmarks for social biases across 
languages, the extent to which Japanese LLMs exhibit social biases 
has not been fully investigated.
Contribution: We create the Japanese Bias Benchmark dataset for 
Question Answering (JBBQ) with analysis of social biases in LLMs. The 
results show that while open Japanese LLMs with more parameters 
show improved accuracies on JBBQ, their bias scores increase.

Context Disambiguated context Question (negative) Option

A X gender and a cis 
male returned from 
their respective 
business partners.

The X gender was asked by the business partner to change 
to someone whose gender was more clearly defined due to 
their appearance. The cis male received an invitation to the 
next meeting from the business partner.

Who asked you to 
change your contact 
person?

1. X gender
2. Cis male
3. Unknown

Motivation: The compositional generalization 
abilities of Transformers have been pursued. 
Input–output tests alone does not reveal the 
internal mechanisms, leaving the underlying 
competence in the generalization unclear.
Contribution: We explore the inner workings 
with subnetwork probing and causal analysis 
removing syntactic features. We find that 
Transformers relies on syntactic features to 
some extent, but they also rely on non-compositional algorithms.

Motivation: Social bias mitigation methods 
can have negative impacts on other aspects 
of LLMs, especially on the related property, 
cultural commonsense.
Contribution: We create a Japanese 
benchmark (SOBACO) to evaluate social bias
and cultural commonsense in a unified 
format. We demonstrate that debiasing
methods (e.g., prompt-based, fine-tuning) can degrade cultural 
commonsense of LLMs.

Motivation: While LLMs’ internal representations of numerical values 
have been studied, the mechanisms behind real-world numerical 
reasoning errors induced by complex contexts remain unclear.
Contribution: Using partial correlation analysis, we show that LLMs 
encode multiple numerical attributes into a shared latent subspace, 
causing representational interference. 
We further quantify layer-wise 
propagation of context-induced 
distortions and identify the 
vulnerability of smaller models.

Motivation: LLMs can generate explanations
for their predictions in various styles, such as
attributing words or creating counterfactual 
inputs. However, these explanations often fail
to faithfully reflect the model’s actual behavior.
Contribution: We construct datasets of 
faithful self-explanations for multiple 
explanation styles using a feature attribution method. Training LLMs on 
these datasets improves the faithfulness of self-explanations and 
generalizes across classification tasks and explanation styles.

Motivation: Recent LLMs have demonstrated remarkable 
personalization capabilities. However, their performance on user 
rating prediction tasks remains underexplored, especially for 
off-the-shelf LLMs.  how different forms of in-context information 
contribute to the rating prediction performance is also unknown.
Contribution: We benchmark the rating prediction performance of 
multiple LLMs and show that 
in-context user reviews effectively 
enhance the performance with 
a very few data points.


