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Abstract

Recent advances in deep learning have expanded the applica-
tion of large language models (LLMs) across fields such as
medicine, finance, and education. Understanding the mecha-
nisms underlying these models is essential to mitigate issues
like hallucinations and bias. This study provides deep learn-
ing practitioners with insights into how specific training data
points and internal structures influence model behaviour. Us-
ing influence functions and mechanistic interpretability, we
will analyze the impact of data on model predictions across
various tasks. Preliminary findings indicate that semantic
search techniques, such as FAISS, enable efficient identifi-
cation of influential training points in GPT-2 small. Future
work will extend these methods to additional tasks and more
complex models, with a focus on further elucidating LLM
structures to improve interpretability.

Introduction

LLMs have gained widespread adoption across various do-
mains, largely due to the transformer architecture introduced
in Attention is All You Need (Vaswani et al. 2017). However,
as LLMs are increasingly deployed in fields such as finance
and medicine, where the benchmarks for evaluating results
are often ambiguous, there is an urgent need to understand
their prediction behaviour and internal mechanisms better.
This understanding is essential for interpreting how these
models make decisions and fostering trust in their use, es-
pecially in critical applications.

Several studies have explored explanations for LLMs,
such as analyzing token importance (Goldshmidt and
Horovicz 2024; Tanneru, Agarwal, and Lakkaraju 2023;
Mohanty 2023), generating contrastive explanations (Yin
and Neubig 2022; Yao 2024; Liu et al. 2024), and using
attention as an explanation (Bibal et al. 2022; Ethayarajh
and Jurafsky 2021; Rigotti et al. 2022; Sun and Marasovié
2021). However, limited research investigates the roles of
internal components or training data in mitigating harmful
effects, like hallucinations (Ji et al. 2023; Manakul, Liusie,
and Gales 2023; Huang et al. 2023; Perkovi¢, Drobnjak, and
Boticki 2024; Xu, Jain, and Kankanhalli 2024; McKenna
et al. 2023; Farquhar et al. 2024)—where LLMs produce
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factually incorrect information—and biases related to demo-
graphic factors like gender and nationality (Gallegos et al.
2024). Few studies have explored the relationships between
training data, model architecture, and performance. Addi-
tionally, while the importance of attention heads and lay-
ers in LLMs has been studied (McDougall et al. 2024),
their generalizability, robustness, and effectiveness remain
unclear. Depending on their effectiveness, there could be po-
tential ways to develop LLMs that address these shortcom-
ings. In this research, we aim to focus specifically on these
underexplored areas.

The end users of the explanation discussed above are the
deep learning practitioners. The primary motivation for ex-
plaining LLMs with the above-mentioned components is to
develop more effective LLMs for different kinds of tasks.
For example, hallucination and bias are of the major issues
in LLMs. If for a particular type of task (e.g. classification)
we can identify the internal components responsible for hal-
lucination, then it can enable the design of LLMs where the
issue of hallucination can be reduced.

Problem Formulization

This abstract is centred around three main research ques-
tions:

Training LLMs involves vast datasets, making it compu-
tationally challenging to assess the influence of each data
point. This leads to our first research question:

* RQ1: How effectively can we estimate the influence of
individual training data points in LLMs?

LLMs are generally used in three different modes a) pre-
trained, b) fine-tuned and c) in-context learning. Perfor-
mance varies across these modes for different tasks, yet there
is no clear understanding of why a model excels in a partic-
ular mode. This prompts our second question:

* RQ2: How can we explain the role of training data in
LLM performance across different usage modes (pre-
training, fine-tuning, and in-context learning)?

LLMs generally perform well across tasks like classifica-
tion and summarization, showing strong generalization ca-
pabilities. However, no methodology currently explains this
generalizability. To address this, we need to identify critical
components for various tasks, leading to our third question:



Evaluation
Model Dataset NN Type | Before- Influence | After-Influence
GPT-2 Small | Movie Review | Random 82% 84%
GPT-2 Small | Movie Review Tf-IDf 82% 82%
GPT-2 Small | Movie Review FAISS 82% 80%

Table 1: Faithfulness of Influence Functions With the variation of Nearest Neighbor Technique

* RQ3: What key internal components of LLMs enable
their generalization across different tasks?

Methodology

For RQ1 and RQ2, we utilize influence functions to evaluate
the importance of individual training data points on model
predictions and guide our experimental design.

To address the computational challenges in RQ1, we re-
duce the training dataset size while maintaining the rele-
vance of identified points. Traditional methods (Koh and
Liang 2017) are computationally expensive due to Hessian
matrix calculations, and alternatives often depend on the
computing progress and model architecture. We propose us-
ing the Facebook AI Similarity Search (FAISS) to identify
training samples most similar to test samples. This narrows
influence computation to a relevant subset rather than the
entire dataset, improving efficiency without sacrificing ac-
curacy.

We further simplify computations by approximating large
LLMs with smaller models (fewer layers and parameters)
trained on subsets identified by FAISS. These simpler mod-
els can then be tested for their capacity to approximate larger
LLMs, as measured by influence functions. Though sim-
pler models may not fully replicate complex LLMs, this ap-
proach allows us to explore the potential of computationally
efficient alternatives while evaluating data point influence
across training stages for deeper insights. We will evaluate
the influence of data points across different training stages,
offering deeper insights into their impact.

For RQ2, we aim to explain how training data impacts
LLM performance across usage modes by measuring LLM
predictions before and after removing the most influential
samples. Each influence value of the sample, as calculated
by influence functions, will reveal its importance. By ob-
serving the drop in accuracy following the removal of these
samples, we can determine their significance. The explana-
tion will highlight influential samples, the overlap of top-k
influential samples, and variations in influence values across
usage modes, clarifying why LLMs perform better in certain
modes for specific tasks.

For RQ3, we will employ mechanistic interpretabil-
ity with a focus on edge attribution(Conmy et al. 2023;
Hanna, Pezzelle, and Belinkov 2024) to reverse-engineer
LLM processes. This approach aims to identify in-
ternal structures—such as neurons, layers, or attention
heads—responsible for specific functions and behaviors
(Bereska and Gavves 2024). By analyzing these compo-
nents, we will investigate LLM generalization and adaptabil-
ity. The explanation will highlight critical elements and their
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combinations, offering insights into how these components
contribute to model performance and behavior.

Potential Results

Table 1 illustrates the performance of influence functions
with different nearest neighbor techniques. Due to the high
computational cost of calculating influence functions for all
training points, we explored random selection, TF-IDF, and
Approximate Nearest Neighbor (FAISS) (Johnson, Douze,
and Jégou 2019). Each method identified the top 100 near-
est neighbors of each test sample within the training set, and
influence functions were computed on these subsets.

The results demonstrate notable differences in the im-
pact of these methods on model performance. Randomly re-
moving 1% of the training data increased accuracy by 2%,
likely due to the elimination of noisy or non-informative
samples. The removal of samples identified by Term Fre-
quency-Inverse Document Frequency (TF-IDF), based on
word-level similarity, showed no measurable effect, indicat-
ing these samples were not critical. However, removing sam-
ples selected by FAISS, which leverages semantic similarity,
led to a 2% decrease in accuracy. This suggests semanti-
cally relevant training samples are crucial for maintaining
performance and highlights FAISS’s effectiveness in isolat-
ing influential data points. While a 2% drop may seem small,
its disproportionate impact underscores the model’s reliance
on specific data points rather than the entire training set,
demonstrating GPT-2 Small’s ability to learn semantic as-
sociations during training.

Conclusion and Future Work

This study demonstrates the potential of influence func-
tions to analyze the impact of training data on LLM pre-
dictions, particularly in fine-tuned transformers like GPT-
2. Our results show that for smaller models, FAISS signifi-
cantly improves the efficiency of influence function compu-
tation compared to existing methods. Furthermore, our find-
ings reveal that LLM predictions are predominantly influ-
enced by semantically related training points, providing a
foundation for investigating issues such as bias and halluci-
nation.

Future work will extend this approach to more complex
models and larger datasets. Additionally, we aim to explore
mechanistic interpretability to identify key internal compo-
nents responsible for tasks such as machine translation and
emotion recognition.
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