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Abstract. In recent years, large foundation models, such as GPT-3,
BERT, and other transformer-based architectures, have achieved state-
of-the-art performance across a wide range of artificial intelligence tasks.
However, their complexity and size pose significant challenges in terms
of transparency, interpretability, and trust. As these models are deployed
in high-stakes domains such as healthcare, finance, and law enforcement,
understanding their decision-making process is crucial to ensure account-
ability and ethical use. This paper explores the growing need for ex-
plainable AI (XAI) in the era of large foundation models, focusing on
the challenges, existing methods, and emerging trends in XAI research.
We discuss state-of-the-art attribution techniques, model-agnostic ap-
proaches, and methods for visualizing and interpreting attention mecha-
nisms and embeddings. Additionally, we highlight promising future direc-
tions, including the development of self-explainable models, multimodal
explainability, and the integration of human-in-the-loop frameworks. By
advancing the explainability of large models, we aim to foster greater
trust in AI systems and ensure that they are both powerful and trans-
parent, with a strong focus on fairness and ethical considerations.
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1 Introduction

The advent of large foundation models, such as GPT-3, BERT, and DALL·E, has
led to a significant paradigm shift in the field of artificial intelligence (AI). These
models, often trained on vast amounts of data and possessing billions or even
trillions of parameters, have demonstrated unprecedented capabilities in a wide
range of tasks, including natural language processing (NLP), computer vision,
and more [1]. Their success has been driven by the ability to scale up both the size
of models and the data they are trained on, resulting in the emergence of highly
capable AI systems that can solve problems once thought to be uniquely human.
However, the increasing complexity and opacity of these large foundation mod-
els have given rise to a number of concerns, especially in terms of transparency,
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trustworthiness, and accountability [2]. In the context of AI systems, the term
"explainability" refers to the ability of a model to provide understandable and
interpretable justifications for its decisions, actions, or outputs [3]. The need for
explainable AI (XAI) has been emphasized by researchers, practitioners, and reg-
ulators, particularly as AI is increasingly deployed in high-stakes domains such
as healthcare, finance, and criminal justice [4]. In these settings, understanding
why an AI system made a particular decision is crucial to ensuring that the
system is not only effective but also fair, ethical, and aligned with human val-
ues. Furthermore, explainability can help uncover biases, errors, and potential
risks, which are especially important when AI systems are deployed in sensi-
tive or life-altering applications [5]. The intersection of explainability and large
foundation models presents a unique set of challenges. Traditional approaches to
interpretability, which work well for smaller, simpler models, struggle to scale up
to the size and complexity of modern foundation models [6]. The sheer number
of parameters, layers, and operations in these models makes it difficult to trace
the exact reasoning behind a specific prediction or decision. Additionally, foun-
dation models are often seen as "black-box" systems, where even the developers
of the models may not fully understand how the model arrived at a particu-
lar output [7]. This lack of transparency not only hinders trust in AI but also
makes it difficult to diagnose problems, improve model performance, and ensure
fairness [8]. Despite these challenges, the field of explainable AI has made signif-
icant strides in recent years. Researchers have developed a variety of methods to
probe and interpret the inner workings of large models. These include techniques
such as saliency maps, attention mechanisms, and layer-wise relevance propaga-
tion, which aim to highlight which parts of the input data contributed most to
a model’s decision. Furthermore, there has been growing interest in developing
post-hoc explainability methods that allow users to interpret a model’s behavior
without needing to understand its internal structure. While these methods have
shown promise, they are not without limitations. Many of the existing techniques
still face difficulties in providing meaningful and human-understandable expla-
nations for the decisions of large foundation models. The need for explainability
is further compounded by the growing use of large models in decision-making
processes that directly impact individuals and society [9]. For example, AI sys-
tems used in healthcare can assist doctors in diagnosing diseases, but without
clear explanations, these models could lead to potentially harmful outcomes if
their recommendations are misunderstood or misinterpreted. In the financial sec-
tor, AI models that determine creditworthiness or predict market trends must
be transparent to ensure fairness and prevent discrimination. Moreover, AI’s
increasing involvement in areas like autonomous driving and law enforcement
raises concerns about accountability, where the consequences of decisions made
by opaque systems can be life-altering. This paper explores the evolving land-
scape of explainable AI in the era of large foundation models. Specifically, we
examine the challenges posed by the scale and complexity of these models, the
methods being developed to address these challenges, and the broader implica-
tions for society. We will discuss the state-of-the-art approaches in XAI, focusing
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on both their potential and limitations in explaining large models. Additionally,
we will highlight the ethical, legal, and societal considerations that arise when
deploying AI systems in high-stakes environments [10]. Our goal is to provide a
comprehensive overview of the current state of XAI research, identify key areas
where further work is needed, and propose a roadmap for advancing the field in
a way that promotes transparency, fairness, and accountability. In the following
sections, we will first delve into the theoretical foundations of explainable AI,
providing an overview of the different types of explanations and their importance
[11]. We will then explore the challenges and current limitations faced by XAI in
the context of large foundation models, before reviewing the most promising ap-
proaches to addressing these challenges. Finally, we will conclude by discussing
the future directions of research in this area and the potential societal impact of
explainable AI technologies.

2 Background and Related Work

In this section, we provide a comprehensive review of the existing literature
on explainable AI (XAI) and its evolution, particularly in the context of large
foundation models [12]. We begin by discussing the foundational concepts of
interpretability and explainability, followed by an overview of the approaches
traditionally used in smaller, more interpretable AI models. We then explore how
these methods have been adapted to handle the increasing complexity of large
models. Finally, we examine key works in the area of XAI for large foundation
models, highlighting both the progress made and the ongoing challenges [13].

2.1 Interpretability and Explainability in AI

The terms "interpretability" and "explainability" are often used interchangeably
in the AI literature, but they carry subtle distinctions. Interpretability generally
refers to the degree to which a human can understand the cause of a decision
made by a model. It is concerned with the internal workings of the model and
how easily they can be understood by humans. Explainability, on the other hand,
refers to the ability to provide an intelligible justification for the behavior or
decisions of a model, often in the form of a post-hoc explanation that can be
easily communicated to non-experts [14]. In the early days of AI, models such
as decision trees, linear regressions, and rule-based systems were prized for their
interpretability. These models are relatively simple in nature and provide clear
mappings between input features and predictions. For instance, in a decision tree,
each decision node is associated with a feature that splits the data based on a
specific criterion, making it easy to trace the path leading to a particular decision
[15]. Similarly, linear regression models explicitly quantify the contribution of
each feature, allowing for direct interpretability. However, as the complexity
of AI models increased, particularly with the rise of deep learning, the ability
to interpret and explain these models diminished. Deep neural networks, for
example, consist of multiple layers of nonlinear transformations and millions
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(or even billions) of parameters, making them highly opaque and difficult to
understand [16]. As a result, the need for explainability methods that could
work with more complex models emerged as a major research focus.

2.2 Traditional Approaches to Explainability

Various methods have been developed over the years to address the challenge of
explainability in AI. In the context of machine learning, these methods can be
broadly classified into two categories: intrinsic and post-hoc explainability.

Intrinsic Explainability Intrinsic explainability refers to methods that aim
to make the model itself interpretable [17]. In other words, these approaches
attempt to design models that are inherently transparent and provide direct ex-
planations for their decisions [18]. Examples of intrinsically interpretable mod-
els include decision trees, linear models, and rule-based systems, as mentioned
earlier [19]. These models have the advantage of being simple and directly un-
derstandable by humans, but they often struggle with handling complex tasks
and large datasets. Recent advances in interpretable models have also led to the
development of more sophisticated techniques such as attention mechanisms in
neural networks [20]. Attention-based models, particularly in the field of natural
language processing (NLP), allow the model to "focus" on specific parts of the
input, which can be visually interpreted to understand which parts of the input
are driving the model’s predictions. While attention mechanisms have proven
useful in providing a degree of interpretability, they have limitations in that the
attention distribution is not always a direct explanation of the decision-making
process.

Post-hoc Explainability Post-hoc explainability, in contrast, involves analyz-
ing the behavior of a model after it has been trained to generate explanations for
its predictions [21]. This approach is necessary for complex, black-box models
like deep neural networks, where internal workings are not easily interpretable.
Several post-hoc methods have been proposed to explain the predictions of such
models. One widely used post-hoc technique is saliency mapping, which visu-
alizes the parts of the input that have the greatest influence on the model’s
prediction [22]. Saliency maps have been particularly effective in computer vi-
sion tasks, where they highlight important regions of an image that contribute to
a model’s classification decision. Another popular technique is LIME (Local In-
terpretable Model-agnostic Explanations), which generates locally interpretable
surrogate models around individual predictions. LIME approximates the deci-
sion boundary of a complex model in a local region of the input space, creating
an interpretable explanation for a single prediction.

2.3 Explainable AI for Large Foundation Models

The emergence of large foundation models, such as GPT-3 and BERT, has raised
new challenges in the realm of explainable AI [23]. These models, with their mas-
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sive scale and deep architectures, are difficult to interpret and explain, especially
as their decision-making processes are distributed across thousands or millions of
parameters. In many cases, these models function as black boxes, where even the
researchers who developed them may struggle to explain how a particular deci-
sion was made [24]. Despite these challenges, there has been significant progress
in developing explainability techniques for large models [25]. One key approach is
the use of attribution methods, which attempt to assign credit to individual input
features for a given output [26]. Techniques such as Integrated Gradients, SHAP
(SHapley Additive exPlanations), and Grad-CAM have gained prominence as
methods for generating explanations for deep learning models, including those
based on large foundation models. These methods work by quantifying the im-
pact of each feature on the model’s output and providing human-understandable
explanations of the decision-making process.

Attribution Methods Attribution methods are crucial for understanding how
individual components of a model contribute to its output. Integrated Gradients,
for instance, measures the gradients of the model’s output with respect to the
input features, providing a pathway to assess how each feature influences the final
prediction [27]. SHAP, based on cooperative game theory, assigns a contribution
value to each feature by considering all possible combinations of features and
computing their marginal contribution [28]. These methods offer more granular
insights into the decision-making process, but they also have limitations in terms
of scalability and interpretability when applied to large models [29].

Model-agnostic Approaches In addition to attribution methods, there has
been a growing interest in model-agnostic techniques for explainability. These
approaches are designed to work across different types of models, regardless of
their internal architecture, and are particularly valuable when working with large
foundation models. Techniques such as LIME, which creates surrogate models
around individual predictions, and Counterfactual Explanations, which generate
alternative scenarios that would lead to different predictions, are examples of
model-agnostic explainability methods that have been applied to large models.
While these techniques have proven useful, they are not without their challenges
[30]. Model-agnostic methods can be computationally expensive, particularly
when working with large models, and may not always produce explanations that
align with the underlying behavior of the model. Furthermore, they often lack
the level of precision and granularity required to provide truly actionable insights
into the decision-making process [31].

2.4 Challenges and Limitations

Despite the progress made in the field of XAI, significant challenges remain,
particularly when it comes to large foundation models. One of the main issues is
the trade-off between model performance and interpretability [32]. Large models
are often able to achieve state-of-the-art results due to their complexity and vast
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parameter space, but this very complexity makes them difficult to interpret and
explain [33]. As a result, there is an inherent tension between making models
interpretable and maintaining their high performance. Another challenge lies in
the subjective nature of explainability. Different stakeholders may require differ-
ent levels of explanation depending on their expertise and the application domain
[34]. For example, a medical practitioner may need a detailed, transparent ex-
planation to understand the reasoning behind a model’s diagnosis, whereas a
layperson might only require a high-level justification [35]. Designing XAI meth-
ods that can cater to diverse audiences is an ongoing challenge that requires both
technical and ethical considerations. Finally, there is the issue of trust in AI. Even
with explanations, users may not always trust the decision-making process of AI
systems, particularly if they cannot fully comprehend the model’s reasoning. In
the case of large models, trust is further complicated by the "black-box" nature
of these systems. As such, building trust through explainability is a critical as-
pect of ensuring the successful adoption and deployment of AI technologies in
high-stakes domains.

2.5 Conclusion

In summary, the field of explainable AI has made significant advancements, but
the rise of large foundation models has introduced new challenges in providing
meaningful and transparent explanations. While a variety of techniques exist to
interpret and explain AI models, the complexity of large models requires inno-
vative methods that balance performance with interpretability. The next section
will explore the state-of-the-art approaches in XAI and discuss how they can be
applied to address the unique challenges posed by large foundation models.

3 Challenges in Explainability for Large Foundation
Models

While significant strides have been made in developing methods for explain-
able AI (XAI), large foundation models, such as GPT-3, BERT, and similar
architectures, present unique and unprecedented challenges in the realm of in-
terpretability and explainability. These models, characterized by their massive
parameter space, deep architectures, and the vastness of the data they are trained
on[36, 37], complicate traditional methods of generating meaningful and trans-
parent explanations. In this section, we explore the primary challenges associated
with explainability for large foundation models, including the complexity of the
models themselves, the trade-offs between performance and interpretability, the
difficulty in understanding model decisions at scale, and issues related to the
transparency of the training process.

3.1 Model Complexity and Scale

The defining characteristic of large foundation models is their size [38]. These
models often have billions or even trillions of parameters, which makes them in-
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herently difficult to interpret. The sheer scale of the models adds multiple layers
of complexity: large models generally consist of many more layers, have a greater
number of operations, and involve highly complex interactions between param-
eters that are not easily understood [39]. In comparison to simpler models such
as decision trees or linear regression, which have transparent decision-making
processes, large foundation models operate through highly abstract learned rep-
resentations, often making it difficult to trace how specific inputs contribute to
outputs. For instance, models like GPT-3 are based on transformer architectures,
which rely on multi-head attention mechanisms to process input sequences [40].
While attention mechanisms offer some insight into how a model allocates fo-
cus to different parts of the input, the complexity of these mechanisms in large
models makes it difficult to pinpoint which aspects of the input led to a specific
output. Additionally, since large models often involve multiple layers of abstrac-
tion, understanding how information propagates through these layers and how
it influences final predictions becomes a highly non-trivial task. Another fac-
tor contributing to complexity is the non-linear interactions that occur between
various components of a model [41]. Unlike simpler models where feature im-
portance can be directly measured, large models are highly non-linear, and the
contribution of each parameter or feature may not be immediately apparent [42].
This complicates the task of explaining the specific decisions made by the model,
as the decision-making process is distributed across numerous parameters and
layers, each of which may have a nuanced impact on the outcome.

3.2 Trade-off between Performance and Interpretability

One of the core challenges of large foundation models is the trade-off between
model performance and interpretability. In general, larger models with more pa-
rameters tend to deliver better performance on a wide range of tasks. These mod-
els are capable of capturing complex patterns and relationships in data, which
allows them to excel in areas such as natural language understanding, image
recognition, and even generative tasks [43]. However, this increased performance
comes at a cost [44]. As models grow in size and complexity, they become more
difficult to interpret. The increase in parameters and layers introduces a level of
opacity that diminishes the ability to understand the decision-making process.
This trade-off has significant implications for domains where interpretability is
critical, such as healthcare, criminal justice, and finance. In these contexts, the
ability to trust and understand the reasoning behind AI decisions is paramount.
Unfortunately, achieving higher performance often means sacrificing some degree
of interpretability, creating a difficult balancing act between maximizing perfor-
mance and ensuring transparency. For example, a model that can predict patient
outcomes with high accuracy may be less interpretable if it requires millions of
parameters to achieve that level of performance [45]. On the other hand, a more
interpretable model, such as a decision tree, may offer less predictive power,
thereby making it harder to achieve state-of-the-art results on complex tasks
[46]. This dilemma is central to the ongoing discourse in XAI and underscores
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the need for new techniques that can provide meaningful explanations without
compromising model effectiveness.

3.3 Understanding Model Decisions at Scale

As the size of foundation models increases, so too does the difficulty in under-
standing their decisions at scale [47]. Large models are often trained on vast
amounts of data, which can make it difficult to understand how specific data
points or features influence the model’s outputs. The sheer volume of data can
overwhelm traditional interpretability methods, which often focus on explaining
individual predictions or small subsets of data [48]. With large models, expla-
nations must account for the influence of a large number of features and how
they interact, which can result in explanations that are difficult to grasp or
overly complex. Moreover, large foundation models can make use of highly so-
phisticated learned representations, such as embeddings, which are not directly
interpretable [49]. For instance, in the case of NLP models, input text is often
transformed into dense vectors (embeddings) that encapsulate semantic meaning
in a way that is not immediately understandable by humans. While these em-
beddings are highly effective for model performance, their abstract nature makes
it challenging to interpret the model’s reasoning process in terms that a human
could easily follow. Additionally, scaling the interpretability of large models often
requires examining an extensive set of features, parameters, and decision-making
paths [50]. With billions of parameters, the computational resources required to
generate and process explanations at scale become prohibitively expensive [51].
This challenge makes it increasingly difficult to provide explanations that are
both accurate and computationally feasible for large foundation models.

3.4 Opacity of the Training Process

Another critical challenge in explaining large foundation models is the opacity
of the training process itself [52]. Many large models, particularly those used
in deep learning, rely on complex training regimes involving unsupervised or
semi-supervised learning, massive datasets, and distributed computing architec-
tures. The resulting models are not just difficult to interpret but are also opaque
in terms of how they learn and evolve over time [53]. For example, large lan-
guage models like GPT-3 are trained on enormous corpora of text data and
learn patterns and relationships from the data in a highly unsupervised manner.
While this training process allows the model to capture a wide range of linguistic
structures and knowledge, it also means that the model may learn spurious or
unintended patterns that are not immediately observable or explainable. More-
over, the distributed nature of modern training processes, where training is of-
ten performed across multiple GPUs or even data centers, adds another layer of
complexity to understanding how a model is trained. The opacity of the training
process further complicates efforts to explain the model’s behavior [54]. Tradi-
tional methods of interpreting models often focus on analyzing the parameters
and weights of a trained model [55]. However, for large foundation models, these
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methods become less effective as the sheer number of parameters and the com-
plexity of their interactions make it impossible to interpret the model in any
straightforward way. Understanding how the model was trained and why it be-
haves the way it does often requires insights into the dataset, the optimization
process, and the model architecture—factors that are not always accessible or
transparent [56].

3.5 Ethical and Legal Considerations

The challenges associated with explaining large foundation models also intersect
with important ethical and legal considerations. As AI systems are deployed
in real-world applications, the inability to explain their decisions can lead to
unintended consequences, such as bias, discrimination, or unfair treatment of
individuals. In domains like healthcare, law enforcement, and finance, where de-
cisions can significantly impact people’s lives, the lack of transparency raises
serious ethical concerns [57]. For example, consider an AI system that is used
to determine eligibility for a loan [58]. If the system makes a decision based
on complex and opaque criteria, it could potentially discriminate against cer-
tain groups without any clear justification. Similarly, in the case of autonomous
vehicles, if an AI system makes a decision that results in harm, it is crucial
to understand the reasoning behind that decision to assign responsibility and
ensure accountability [59]. Furthermore, the opacity of AI models raises legal
concerns, especially when it comes to regulatory compliance and accountability.
In many jurisdictions, there are legal requirements for AI systems to provide ex-
planations for their decisions, particularly in high-stakes domains such as finance
or healthcare. The inability to offer clear and understandable explanations for
model outputs can create challenges for meeting these legal requirements and
ensuring that AI systems are used in a responsible and ethical manner [60].

3.6 Conclusion

The challenges associated with explainability in large foundation models are
numerous and multifaceted. The complexity and scale of these models, combined
with the trade-offs between performance and interpretability, pose significant
barriers to providing meaningful and transparent explanations [61]. Additionally,
the opacity of the training process and the difficulty in understanding model
decisions at scale further complicate the task of explainability [62]. However,
addressing these challenges is crucial for ensuring that large foundation models
are deployed responsibly and ethically, especially in high-stakes applications [63].
The following section will discuss current efforts to mitigate these challenges
and explore potential future directions for research in XAI for large foundation
models [64].
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4 State-of-the-Art Approaches in Explainable AI for
Large Foundation Models

As large foundation models, such as GPT-3, BERT, and other transformer-
based architectures, have become increasingly prevalent, significant efforts have
been made to develop explainability techniques that can scale to the complex-
ity of these models. In this section, we explore the state-of-the-art approaches
in explainable AI (XAI) specifically designed for large foundation models. We
will discuss various methodologies for providing post-hoc interpretability, model-
agnostic approaches, and emerging techniques that aim to integrate explainabil-
ity into the design and training of large models. These techniques can help us
understand the decision-making process behind these black-box systems while
addressing the challenges identified in the previous section [65].

4.1 Attribution Methods for Large Models

Attribution methods aim to assign importance scores to input features to ex-
plain how each feature influences the model’s output [66]. These methods can
be critical for understanding the behavior of large foundation models, as they
provide a way to break down the contribution of individual components within
complex architectures.

Integrated Gradients Integrated Gradients (IG) is one of the most widely
used attribution methods, particularly for deep neural networks [67]. IG provides
a way to attribute the model’s output to the input features by computing the
integral of the gradients of the output with respect to the input along the path
from a baseline input (often a vector of zeros or another reference input) to
the actual input. This method is well-suited for large foundation models, as it
allows for gradient-based analysis of individual features and provides a clear
explanation of which features are most responsible for a model’s prediction.
Integrated Gradients can be particularly effective for large NLP models such as
BERT and GPT-3, where the contribution of each word or token in a sequence is
assessed with respect to the model’s output [68]. Despite its advantages, IG can
be computationally expensive, especially for large models with vast parameter
spaces, and it may struggle with capturing interactions between input features
that are highly non-linear [69].

SHAP (SHapley Additive exPlanations) SHAP is another popular at-
tribution method based on cooperative game theory, which provides a unified
measure of feature importance by calculating the average contribution of each
feature across all possible combinations of features. In essence, SHAP uses Shap-
ley values from game theory to assign an importance value to each feature in a
prediction [70]. SHAP has been widely adopted in the XAI community due to its
theoretical foundations and consistency across different model types [71]. SHAP
has been successfully applied to large foundation models, especially in NLP
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tasks, where the importance of each token or word can be computed based on
the model’s output. The method provides an interpretable, additive explanation
for the predictions made by a model. However, SHAP can be computationally
expensive, particularly when applied to large datasets or models with millions
of parameters, due to the need to compute all possible feature subsets.

Grad-CAM (Gradient-weighted Class Activation Mapping) Grad-CAM
is a visualization technique that provides insights into the parts of an input that
contribute most to the model’s decision. It is often used for convolutional neural
networks (CNNs) in computer vision tasks, but it has also been adapted for
transformer-based architectures [72]. Grad-CAM computes the gradient of the
predicted class with respect to the feature maps in the final convolutional layer,
highlighting the regions of the input that most strongly influence the model’s
decision [73]. While Grad-CAM has proven effective in explaining image-based
tasks, its adaptation to large foundation models, particularly those used in NLP
and multimodal tasks, has been a subject of active research [74]. Recent work has
explored how to extend Grad-CAM to transformers by using attention weights
and final hidden states to identify the tokens or sections of an input sequence
that are most relevant to the model’s decision. This approach has shown promise
in providing visual explanations for text-based tasks, but challenges remain in
fully capturing the complex reasoning process that occurs in large models.

4.2 Model-Agnostic Explainability Techniques

Model-agnostic methods are designed to work independently of the underlying
architecture of the model, allowing for the interpretation of any model, including
large foundation models [75]. These techniques focus on generating explanations
that do not require access to the internals of the model, but instead rely on
approximating the decision-making process using simpler, more interpretable
surrogate models or other techniques.

LIME (Local Interpretable Model-agnostic Explanations) LIME is a
well-known model-agnostic technique that aims to explain individual predictions
by approximating the local decision boundary of a complex model with a simpler,
interpretable model [76]. LIME works by perturbing the input data to create
a set of similar but slightly modified samples and then training a surrogate
model on this local region. The surrogate model is typically interpretable (e.g.,
a linear model or decision tree), and it provides insights into how the original
complex model arrived at the given prediction. LIME can be applied to large
foundation models by generating local approximations of the model’s behavior
around a specific input [77]. This makes it possible to generate explanations for
complex predictions without needing to fully understand the underlying model
[78]. However, LIME’s reliance on creating perturbed versions of the input data
can be computationally expensive, especially when working with large datasets
or high-dimensional input spaces such as text or images. Additionally, the quality
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of the explanations generated by LIME can depend on how well the surrogate
model approximates the complex model’s behavior [79].

Counterfactual Explanations Counterfactual explanations provide a form of
interpretability by showing what changes would need to be made to the input in
order to achieve a different outcome [80]. In other words, they explain what the
model would have predicted if certain features of the input had been different
[81]. For example, in a binary classification task, a counterfactual explanation
would show which input features would need to be modified in order to change
the model’s decision from "not approved" to "approved."

Counterfactual explanations are particularly useful because they are intuitive
and easy to understand, as they provide concrete examples of how changes to
the input can affect the output [82]. These explanations are inherently human-
friendly, as they provide actionable insights into how specific aspects of the data
influence the decision. However, generating counterfactual explanations for large
models can be challenging, as it often requires navigating complex feature spaces
and generating meaningful perturbations that result in realistic, interpretable
explanations.

4.3 Interpretable Attention Mechanisms

Attention mechanisms, particularly in transformer models, have gained signif-
icant attention in the XAI community due to their ability to provide insight
into how a model processes input data [83]. In large foundation models such as
BERT and GPT-3, attention mechanisms allow the model to "focus" on specific
tokens or parts of the input when making predictions. This has led to the de-
velopment of several techniques aimed at interpreting the attention weights and
understanding how they influence the model’s decision [84].

Attention Visualization Attention visualization techniques aim to provide
a visual interpretation of the attention weights in transformer-based models.
By visualizing how the model attends to different tokens in a sequence, these
methods can offer insight into which parts of the input are deemed important
for the model’s decision [85]. Attention maps can be plotted to show the flow of
information through the model and identify key interactions between tokens. Al-
though attention visualization has proven useful in many cases, it is not without
its limitations. The attention mechanism in transformer models does not always
correspond directly to human-like reasoning, meaning that high attention scores
do not always indicate that a model is using the "right" information. Moreover,
the complexity of large models means that interpreting attention scores across
multiple layers and heads can be challenging [86].

Interpretable Embeddings Another area of focus in explainability for large
foundation models is the interpretation of embeddings. In models such as BERT
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and GPT-3, the input tokens are transformed into dense vector representations
(embeddings) that capture semantic meaning [87]. These embeddings are highly
effective for task-specific performance, but they can be difficult to interpret. Re-
cent research has focused on developing methods to visualize and understand
embeddings, such as by projecting them into lower-dimensional spaces (e.g., us-
ing t-SNE or PCA) or by identifying clusters of similar embeddings. Interpretable
embeddings allow for a more intuitive understanding of how models represent
and process input data. These techniques provide a way to analyze which as-
pects of the data are emphasized in the model’s learned representations and how
these representations influence the final prediction. However, visualizing and in-
terpreting embeddings at scale remains a challenge, particularly in models that
operate over large corpora or multimodal data.

4.4 Integrating Explainability into Model Design

As the demand for explainable AI continues to grow, there is increasing inter-
est in integrating explainability directly into the design and training of large
foundation models. Instead of relying solely on post-hoc methods, researchers
are exploring how to build explainable components into the models themselves
during training. This includes designing models that produce more interpretable
representations, as well as developing training objectives that promote trans-
parency. For example, recent work has focused on developing self-explaining
models, where the model generates its own explanations alongside its predic-
tions. These models are designed with explainability in mind, and they aim
to produce explanations that are both accurate and faithful to the underlying
decision-making process. By integrating explainability into the model design, it
is hoped that large foundation models can achieve both high performance and
transparency without relying on external interpretability methods.

4.5 Conclusion

State-of-the-art approaches to explainable AI for large foundation models have
made significant progress in providing more transparent, understandable, and in-
terpretable models. Attribution methods, model-agnostic techniques, and inter-
pretable attention mechanisms have all contributed to our ability to understand
how large models make decisions [88]. However, challenges remain in balanc-
ing model performance with interpretability, especially as the scale of models
continues to grow [89]. The integration of explainability into the design of mod-
els is a promising direction for future research, offering the potential for more
transparent AI systems that are both effective and interpretable by design [90].

5 Future Directions in Explainable AI for Large
Foundation Models

While substantial progress has been made in the development of explainable AI
(XAI) techniques for large foundation models, many challenges remain [91]. As
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these models continue to evolve, both in size and complexity, there is a growing
need for innovative solutions that can provide transparent, interpretable, and
accountable AI systems. This section explores potential future directions in the
field of XAI for large foundation models, highlighting emerging research areas
and approaches that could address the current limitations and advance the state-
of-the-art in explainability.

5.1 Towards Self-Explainable Models

One promising direction for the future of XAI in large foundation models is
the development of self-explainable models [92]. These models would not only
provide accurate predictions but would also generate their own explanations
alongside those predictions. This contrasts with current methods that typically
rely on post-hoc explanations, which are generated after the model has made
a decision. Self-explainable models could use a variety of techniques to gener-
ate explanations directly [93]. For example, a model might produce an inter-
pretable rationale or justification for its output, potentially in natural language
or through visualizations, depending on the task. Recent research in natural lan-
guage processing (NLP) has explored using language models to generate textual
explanations, where the model can output a series of logical steps or reasoning
that led to its decision [94]. Similarly, self-explanatory models in computer vision
could explain their predictions by highlighting key regions in the input image
and providing verbal descriptions of what was important for the model’s decision
[95]. Such self-explaining models could represent a breakthrough in XAI, as they
would offer a more seamless and integrated form of interpretability, making the
reasoning process inherently tied to the model’s predictions [96]. However, the
development of such models poses significant challenges, as it requires the mod-
els to not only be accurate but also capable of generating meaningful, coherent,
and human-understandable explanations.

5.2 Explainability in Multimodal Models

As large foundation models increasingly handle multimodal data—such as text,
images, and audio—developing techniques that can explain predictions across
different modalities is a critical research area [97]. Multimodal models, which
process multiple types of input simultaneously, present unique challenges in
terms of explainability. The interactions between different modalities can be
highly complex, and understanding how the model integrates information from
different sources is crucial for providing accurate explanations [98]. For example,
in a multimodal model that combines text and images, the model may make a
prediction based on both the content of an image and the surrounding text [99].
Understanding how these two modalities influence the final decision requires new
methods for explaining not just individual modalities but also their interaction.
Current approaches to explainability often treat each modality separately, but
the future of XAI in multimodal models will likely involve integrated techniques
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that can jointly explain decisions across different types of input [100]. Further-
more, these models will need to handle the alignment between modalities effec-
tively [101]. For instance, how does the model align visual objects with specific
words or concepts in a textual description? Addressing these questions and de-
veloping methods that can provide explanations for multimodal decision-making
will be a key area of focus in the coming years [72].

5.3 Improving Post-Hoc Explanation Methods for Large Models

Although post-hoc explanation methods, such as Integrated Gradients, SHAP,
and LIME, have been extensively used for explaining large foundation models,
these methods are still subject to several limitations, including computational
expense and difficulty in capturing complex interactions between features [102].
Future research could focus on improving the efficiency, scalability, and accuracy
of these methods, making them more suitable for large models with billions of pa-
rameters [103]. One potential avenue for improvement is the development of more
efficient algorithms for calculating attributions, especially for highly complex
models [104]. Researchers could explore ways to reduce the number of computa-
tions required to generate explanations or apply approximation techniques that
preserve the accuracy of the explanation while improving efficiency. For example,
novel methods for approximating Shapley values or integrating gradient-based
techniques with other interpretability strategies could be explored. Another im-
portant direction is the refinement of post-hoc methods to capture higher-order
interactions between input features [105]. Current methods typically focus on the
individual importance of each feature, but many decision-making processes in
large models involve complex interactions between multiple features. Developing
post-hoc techniques that can effectively capture and explain these interactions
will be crucial for providing a deeper understanding of model behavior.

5.4 Interpretable Neural Architecture Design

As the architecture of large foundation models continues to evolve, there is
increasing interest in designing models with built-in interpretability. One ap-
proach is to integrate explainability into the architecture itself, rather than
relying on external post-hoc methods. This could involve designing neural net-
works with transparent or inherently interpretable components, such as attention
mechanisms or modular architectures that allow for easier understanding of the
decision-making process[106, 107]. For instance, one possible direction is the de-
velopment of “modular” neural architectures, where different components of the
model specialize in different aspects of the decision-making process. By separat-
ing the model’s decision process into distinct, understandable modules, it may be
possible to generate more interpretable outputs [108]. Similarly, attention mech-
anisms, which have already been used in transformer models to highlight impor-
tant tokens or regions in input data, could be extended to other forms of neural
architectures to improve interpretability [109]. Another approach is to design
neural networks that explicitly incorporate constraints or regularization terms
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to promote interpretability [110]. For example, regularization strategies could be
used to encourage the model to produce sparse representations or to make its
reasoning process more transparent [111]. By incorporating interpretability into
the model design itself, it may be possible to achieve a more natural balance
between performance and transparency [112].

5.5 Human-in-the-Loop Explainability

An emerging trend in XAI is the inclusion of human-in-the-loop (HITL) method-
ologies, where the explanations provided by AI models are used in conjunction
with human expertise to improve decision-making. In many real-world appli-
cations, AI systems are used in collaboration with human experts, who need
to trust the model’s predictions and explanations to make informed decisions.
As such, it is crucial to design explanation systems that can work alongside
human decision-makers, enhancing their understanding of the model’s behavior
and supporting their ability to act on its outputs [113]. In HITL frameworks,
the AI system could provide explanations that are tailored to the user’s level
of expertise and the context of the decision-making task [114]. For example, a
medical AI system might generate simple, intuitive explanations for a doctor,
while providing more detailed technical explanations for researchers. The hu-
man expert would then be able to review the explanation, verify its validity,
and provide feedback, which could be used to refine the model and its expla-
nations over time. HITL approaches are particularly important in high-stakes
domains such as healthcare, finance, and criminal justice, where the implications
of AI-driven decisions can have profound consequences. By incorporating human
judgment into the explanation process, it is possible to create a more robust and
transparent AI system that can be trusted in critical applications.

5.6 Ethical Considerations and Accountability

As large foundation models become more integrated into decision-making sys-
tems, ensuring their accountability and fairness is becoming an increasingly im-
portant research area [115]. The opacity of these models raises significant ethical
concerns, particularly in domains where AI decisions can have serious conse-
quences for individuals and society. Future research must prioritize the develop-
ment of explanation methods that not only make AI systems more transparent
but also help ensure that these systems are fair, unbiased, and accountable [116].
For example, one important area of focus is the development of methods that
can explain and mitigate bias in large models [117]. Many large models, espe-
cially those trained on massive, unfiltered datasets, can inadvertently learn and
propagate harmful biases [118]. Developing techniques to identify, explain, and
reduce bias in model predictions will be crucial for ensuring that AI systems are
ethical and do not perpetuate discrimination [119]. Moreover, the accountabil-
ity of AI systems, especially in high-stakes domains, requires that explanations
are not only accurate but also provide insight into the model’s decision-making
process in a way that allows for meaningful oversight. The development of XAI
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methods that can be used to audit and review AI systems for ethical compliance
will play a critical role in ensuring that large foundation models are deployed
responsibly [120].

5.7 Conclusion

The future of explainable AI for large foundation models is an exciting and
rapidly evolving area of research [121]. As these models continue to grow in size
and complexity, the need for more effective, scalable, and interpretable methods
becomes even more critical. Self-explainable models, multimodal explainability,
improved post-hoc explanation methods, interpretable neural architecture de-
sign, and human-in-the-loop approaches represent some of the most promising
directions for future research [122]. By addressing the challenges of model com-
plexity, fairness, and accountability, we can ensure that large foundation models
remain both powerful and transparent, facilitating their responsible use in real-
world applications [123].

6 Conclusion

The rapid development and deployment of large foundation models, such as
GPT-3, BERT, and other transformer-based architectures, have revolutionized
the field of artificial intelligence across a broad range of applications, from natural
language processing and computer vision to multimodal systems. However, the
complexity and size of these models pose significant challenges to transparency,
interpretability, and trust, which are essential for the responsible adoption of
AI technologies. This paper has explored the growing need for explainable AI
(XAI) in the era of large foundation models, outlining the challenges and limita-
tions of current approaches, discussing state-of-the-art techniques for providing
interpretability, and highlighting promising future directions in the field.

The landscape of explainability for large foundation models is rapidly evolv-
ing, with a diverse range of methods available to interpret these complex systems.
Attribution techniques, such as Integrated Gradients, SHAP, and LIME, have
been foundational in providing insights into how individual features contribute
to model predictions. Additionally, model-agnostic methods, such as counter-
factual explanations and LIME, offer flexible ways to understand and explain
the decision-making process of any model, including large transformer-based ar-
chitectures. These techniques provide a valuable means of gaining insight into
the black-box nature of large models, but they also present challenges related
to computational complexity, scalability, and the need to capture higher-order
feature interactions.

The growing importance of multimodal models, which process text, images,
audio, and other types of data simultaneously, has introduced new challenges for
explainability. As these models become increasingly complex, the development
of integrated techniques that can explain decisions across different modalities
will be critical. Furthermore, the exploration of self-explainable models—models
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that inherently generate explanations for their predictions—is an exciting and
promising avenue for advancing the field of XAI. By building explanations di-
rectly into the architecture of the model, it is possible to create systems that are
both accurate and transparent by design.

Looking ahead, the integration of XAI methods into the design and training
of large foundation models is expected to play a key role in advancing the trans-
parency of AI systems. Additionally, the inclusion of human-in-the-loop method-
ologies, where human experts collaborate with AI systems to verify and refine
model explanations, will likely enhance trust and accountability in decision-
making. Ethical considerations, such as ensuring fairness, transparency, and ac-
countability, will also remain a priority as AI systems are deployed in high-stakes
applications such as healthcare, finance, and law enforcement.

In conclusion, while significant progress has been made in the development of
explainable AI techniques for large foundation models, much work remains to be
done. The future of XAI lies in creating models that balance performance with
interpretability, ensuring that AI systems are not only powerful but also trans-
parent, ethical, and accountable. By addressing the challenges associated with
model complexity, fairness, and human oversight, researchers and practitioners
can build AI systems that are more trustworthy and better aligned with soci-
etal values. Ultimately, the continued advancement of XAI for large foundation
models will play a crucial role in fostering broader acceptance and responsible
use of AI technologies in real-world applications.
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