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Abstract

Large language models (LLMs) have shown strong promise in many
scenarios, yet still fall short in certain situations. Addressing these
shortcomings requires explanations that not only reveal failure
modes but also guide concrete fixes. We present a unified framework
that extracts and utilizes interpretations at four stages of the LLM
life cycle: data preparation, training, inference, and post-processing.
Our preliminary results have demonstrated that explanations can (i)
identify hallucinated responses with post-generation filtering, (ii)
steer LLMs to prevent jailbreaks during model inference, and (iii)
regularize the reliance on unintended features during model train-
ing. Ongoing work extends these ideas to diversity-driven synthetic
data generation for model training. Collectively, these contributions
chart a practical path toward developing and deploying LLMs that
are safer, more transparent, and broadly trustworthy.
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1 Introduction

Large Language Models (LLMs) have demonstrated strong capabili-
ties in aligning with general human intentions, underpinning their
widespread deployment as helpful, honest, and harmless Al assis-
tants across diverse real-world applications [15, 16]. Meanwhile,
we still often observe failed or unexpected responses in certain
situations, such as making predictions with shortcuts [19], over-
looking critical user constraints [17], hallucinating contents [10],
being harmful under attacks [24], and so on. These failures per-
sist even when the model appears confident, making end users
less trust on them, limiting their applications to broader scenar-
ios. Consequently, practical deployment now demands a clearer
understanding of when and why LLMs fail. These insights will help
engineers to develop more robust and trustworthy LLMs.
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However, conventional explanation methods may not be prac-
tical useful for LLMs. First, LLMs are auto-regressive generative
models, while existing explanation techniques are majorly designed
for classification models [18]. When applying them to LLMs, they
ignore the chain of word predictions and therefore miss long-range
dependencies that drive failures. Second, LLM hidden states are
polysemantic, meaning that each neuron encodes several unre-
lated concepts, so neuron-level attribution yields ambiguous or
even misleading signals [1]. Third, modern LLMs are large in scale,
containing billions of parameters and operate over thousands of
context tokens. Thus, exhaustive probing or enumeration quickly
becomes computationally prohibitive. These obstacles request to
re-design scalable interpretation methods tailored for modern LLMs
and can further integrate into their training and inference pipelines.

In this paper, particularly, we propose developing interpreta-
tion techniques to improve LLMs throughout their entire life cycle:
Data Preparation, Model Training, Model Inference, and Post-
Processing. During each stage, we will first propose an explanation
method by using the available information from that stage, and
then, we will develop a particular method that utilizes the collected
explanations to improve their performance and overall reliability.
Taken together, these objects form a unified framework that uses
interpretation not just to understand LLMs, but to actively improve
them at every stage of training and deploying LLMs. The goal of
this research aligns with the concept of Usable XAlI, introduced
by our initial work [23], where we explored 10 strategies that make
explanations useful in debugging and improving LLMs. In the fol-
lowing, we detail the specific problem, approach, and progress of
our four research objectives.

2 Related Works

Mechanistic interpretability is one main stream to understand and
explain modern LLMs. They focus on reverse-engineering the in-
ternal computations of LLMs into human-understandable circuits.
Elhage et al. [7] proposed a foundational framework to decom-
pose transformer models into interpretable components. Building
upon this, Olsson et al. [14] revealed induction heads in transform-
ers, crucial for enabling in-context learning across various model
scales. Recent studies target on the polysemantic nature of LLMs,
where each neuron represents multiple features [6]. To mitigate this,
sparse autoencoders (SAEs) [4] have been introduced to discover
more interpretable and monosemantic latent features within LLM
representations. These advances emphasize the potential of mecha-
nistic interpretation to enhance both the interpretability. This work
builds on top of these findings, with a unique perspective on making
explanations to be useful for more reliable and trustworthy LLMs.
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3 Problem Statement

Let gg denote an LLM parameterized by weights 6, mapping an
input prompt x into a latent representation space Z. We formally
define an interpretation method f as a mapping function:

f:Zw—H, (1)

where H is a human-understandable representation space. In this
study, the interpretable space H typically corresponding to the
text space H := Uy V" defined on the vocabulary set V. Our
formal definition of interpretation for LLMs aligns with numerous
recognized informal definitions of the term “interpretation”, where
they also emphasize the central role of humans [5, 8, 12].

4 Explanation for Post-Generation Filtering

Problem. LLMs may generate responses that are inconsistent with
factual knowledge, commonly referred to as hallucinations [11].
Existing approaches typically rely on external knowledge bases or
retrieval-augmented methods for fact verification [3], limiting their
scalability in open-domain scenarios. Therefore, we seek a method
to detect hallucinations without external dependencies.
Approach. From our pilot study, we observe that during hallucina-
tions, LLMs disproportionally attribute prediction importance to
instruction verbs, while overlooking critical instruction objects. To
exploit this finding, we propose a hallucination detection approach
that leverages gradient-based attribution scores mapped onto input
tokens. By analyzing the distribution of attribution scores accord-
ing to part-of-speech tags of input tokens, we develop a classifier
to identify hallucinated responses based on internal model signals.
Results. Our preliminary results validate this approach empiri-
cally. Using a smaller model (Vicuna-7B and Mistral-7B), we suc-
cessfully detect hallucinated outputs generated by a significantly
larger model (ChatGPT-3.5), demonstrating the effectiveness and
generality of our internal attribution-based detection method. The
foundation of this work [20] has been accepted by NAACL 2024.

5 Explanation for Inference-Time Steering

Problem. LLMs sometimes produce undesirable or harmful con-
tent, particularly when subjected to maliciously designed inputs
known as jailbreak prompts [24]. Traditional methods to mitigate
such risks typically involve reinforcement learning from human
feedback, which requires costly human supervision [16]. We aim
to explore whether inference-time internal interventions could ef-
fectively steer model behaviors in a more efficient way.
Approach. To address this problem, we propose leveraging Sparse
Autoencoders (SAEs) combined with mutual information-based
explanations to pinpoint latent features responsible for generating
safe outputs. First, we train an SAE on LLM hidde representations,
producing a interpretable feature set representing semantic con-
cepts. Subsequently, we introduce a mutual information-based ob-
jective to extract some words to explain each learned feature vector.
During model inference, we zero out these identified harmful fea-
tures and also enforce those safety-related features be activated,
thereby steering LLM outputs away from undesired content.
Results. Our preliminary results show that inference-time steering
significantly reduces jailbreak success rates on Mistral-7B from
81.6% to 72.8%. Specifically, by identifying and intervening on only

Wu et al.

a small set of safety-related SAE features, harmful completions
are notably suppressed, while minimally impacting general task
performance. This highlights the practicality of using interpretable
internal explanations for efficiently steering model behaviors at
inference time. This work [22] is under-reviewing by EMNLP 2025.

6 Explanation for Training Regularization

Problem. Text classifiers based on embedded representations de-
rived from latent representations of LLM may exploit unintended or
spurious features, reducing robustness and fairness [2, 9]. Current
mitigation approaches cannot explicitly control the usage of certain
unintended features. Thus, we seek a regularization method that
perform feature engineering on LLM latent spaces to control the
usage of unintended features for classifiers.

Approach. We propose a self-regularization framework to improve
the controllability and robustness of LLM-based classifiers. Initially,
we employ SAEs to decompose LLM latent representations into
human-understandable latent features. We then introduce a self-
explanation strategy, leveraging advanced LLMs (e.g., GPT-4), to
automatically identify unintended latent features based on their
associated explanations. During classifier training, we incorporate
a self-regularization objective that explicitly penalizes reliance on
these automatically identified unintended features.

Results. Preliminary experiments are conducted on some chal-
lenging real-world datasets. Compared with baseline methods, clas-
sifiers trained using our framework show reduced sensitivity to
spurious correlations while maintaining high task accuracy. This
work [21] has been accepted by KDD 2025.

7 Explanation for Synthetic Data Generation

Problem. Many empirical works have shown that the diversity of
dataset is critical to train a more robust LLM [25]. However, current
studies [13] focus on selecting diverse samples from a large source
dataset, naturally ignoring the features that absent from the source
dataset. Therefore, we seek a method to generate synthetic data
covering as diverse concepts as possible to train LLMs.
Approach. To start with, we first train a SAE for a pre-trained LLM
to analyze all encoded features within that model. We then identify
the features that are missing from the source dataset by projecting
the latent representations of the source data on our trained SAE.
Given a missed feature from SAE, we could leverage an LLM to
modify a source data to satisfy the missed feature. The modified
samples and the source data will jointly train the pre-trained LLM.
Progress. We are developing the theoretical foundation to solidify
the proposed approach. This work is target at ICLR 2026.

8 Conclusion

In this paper, we propose a unified interpretation framework that
leverages explanations to actively improve LLMs throughout their
entire life cycle. By systematically integrating interpretable meth-
ods into data preparation, model training, model inference, and
post-processing stages, we demonstrate preliminary success in
detecting hallucinations, defending jailbreak attacks, mitigating
shortcut biases, and enhancing dataset diversity. The proposed
interpretation-driven strategies lay a robust foundation for practi-
cal deployment of trustworthy LLMs in broader scenarios.
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