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Abstract

Large language models (LLMs), diffusion-based image generators, speech synthesizers, code assistants, 
and multimodal foundation models are examples of generative AI systems that are now deeply integrated 
in scientific research, creative work, and decision-making. Understanding why these models produce 
specific outputs has become crucial for safety, accountability, trust, debugging, and regulatory compliance 
as they continue to acquire autonomy and agency. However, explainability for generative AI is significantly 
more challenging than explainability for traditional discriminative models, because the generation unfolds 
over time, the output space is open-ended, and the model internals operate in high-dimensional spaces. 
Explainable Generative AI (XGAI) is the new interdisciplinary field examined in this paper. The paper 
defines the scope and fundamental concepts of XGAI, presents a taxonomy of interpretability techniques 
for generative models, examines technical, social, and regulatory challenges, and outlines future research 
directions toward transparent and controllable generative systems. This work argues that explainability 
for generative AI requires coverage of intent, process, uncertainty, and provenance and cannot be reduced 
to local feature attribution alone.

Keywords: Explainable AI, Generative Models, Interpretability, Large Language Models, Safety Alignment, 
Model Transparency

Generative AI refers to machine learning systems that synthesize new content including text, code, 
images, audio, video, molecular structures, or behavior plans, from learned data distributions rather than 
selecting from predefined labels[5]. Large language models like GPT-style transformers, text-to-image 
diffusion models, and speech and video generators are now assisting with tasks in education, medicine, 
law, creative writing, cyber defense, scientific discovery, and governance[6],[7]. These systems increasingly 
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act not only as tools but as collaborators and agents, embedding themselves in workflows that carry 
significant consequences for individuals and organizations. This growing capability creates pressure for 
explainability, meaning the ability to make a system’s behavior understandable to humans in a faithful, 
useful way. Explainability in generative AI is necessary for at least five interconnected reasons. First, with 
respect to safety and alignment, researchers and practitioners need to understand why a model produced 
a harmful, biased, misleading, defamatory, or policy-violating output so that corrections or preventive 
measures can be applied[8]. Second, for accountability, organizations deploying generative AI will be 
expected to justify generated advice, decisions, or content to auditors, regulators, courts, and users, as 
legal frameworks in various regions have already begun to mandate explainability provisions[9]. Third, 
from a debuggability standpoint, engineers need to trace failure modes such as hallucinations in LLMs, 
prompt leakage of private data, or copyrighted style cloning in image models[10]. Fourth, regarding user 
trust, users are more likely to rely on a model’s output if they can interrogate its reasoning or content 
provenance, which directly affects adoption in high-stakes domains such as healthcare and law. Fifth, 
from a scientific understanding perspective, generative models are currently treated as black boxes 
despite increasingly agent-like behavior, and making them interpretable is important for both AI safety 
research and cognitive science[11]. Classical explainable AI (XAI) focused on supervised tasks such as 
classification and regression, and largely assumed fixed inputs and discrete predictions. Methods such as 
LIME (Local Interpretable Model-agnostic Explanations) and SHAP (SHapley Additive exPlanations) 
attribute importance to input features for a given decision[1],[2]. These methods, while influential, are 
insufficient for generative models because generators produce sequences or structured artifacts rather 
than a single label, the model state evolves through iterative sampling such as autoregression or diffusion 
timesteps, prompts are not the only causal factor since system instructions, safety policies, memory, 
retrieval-augmented context, and fine-tuning data also shape output, and risk encompasses not only why 
a model output a specific answer but also what it could plausibly output under nearby conditions[12],[13]. 
This paper proposes a structured view of Explainable Generative AI. XGAI is treated as the union of 
techniques, interfaces, and governance mechanisms that help humans answer four questions about any 
generated output: attribution asking where it came from, intention asking what the model was trying to 
do, mechanism asking how it was produced, and alternatives asking what else could have been produced 
and why it was not[14].

Background

Generative Model Families

Modern generative AI mainly relies on four foundational model families. Autoregressive transformers 
generate output token-by-token, conditioning each next token on previous tokens and internal hidden 
states, representing the dominant architecture for large language models and code models[5]. Diffusion 
models learn to iteratively denoise random noise into a coherent sample such as an image, audio, or video 
through a sequence of refinement steps[15]. Variational Autoencoders (VAEs) learn latent representations 
and can decode new samples by sampling from the latent space, while GANs (Generative Adversarial 
Networks) train a generator and discriminator in a minimax game to synthesize realistic data[16]. Although 
VAEs and GANs remain important in some domains such as compressed latent representations and style 
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transfer, diffusion and transformer-based models dominate state-of-the-art text, image, and multimodal 
generation[17],[18].

What Does Explainability Mean?

Explainability has historically split into two broad traditions. Transparency and interpretability aim to 
make the inside of the system understandable through analysis of neuron circuits, attention heads, steering 
vectors, and safety classifiers[19]. Post-hoc explanation involves generating an external artifact such as 
a rationale, a saliency map, or a counterfactual example that helps a human understand why a given 
decision or output occurred[20]. For generative AI, both traditions are generally necessary. Researchers 
and practitioners need to interpret model behavior mechanistically to ensure alignment and robustness, 
while also communicating explanations accessibly to people affected by the output[21].

Why Generative Explainability is Harder

Three properties of generative AI place significant stress on traditional XAI methods. The open-ended 
output space presents a fundamental challenge because there is no fixed correct label; the model can 
generate new sentences, new code, or new biological structures, meaning trust must be justified without 
ground truth in many cases[22]. Long-horizon causal chains are a second source of difficulty because the 
output at a given time step depends on the entire prefix including the prompt and all previously generated 
tokens, as well as latent activations, so small changes early in generation can cascade into large differences 
in the final output. Context mixing further complicates matters because modern LLM pipelines include 
prompt templates, retrieval-augmented memory, system policies, and tool calls, meaning a single answer 
may reflect all of these factors and not only the user’s original input[23].

A Taxonomy of Explainability Methods for Generative AI

The approaches described in this section are grouped into six major categories. These categories are not 
mutually exclusive; practical systems often combine multiple techniques.

Prompt and Context-Level Attribution

The goal of prompt and context-level attribution is to explain which parts of the prompt, retrieved context, 
or system instruction contributed to which parts of the output. This is the most accessible and currently 
most deployable layer for LLM-based systems. Token-level influence highlighting aligns generated 
tokens with the most influential prompt or context tokens, often using attention weights, gradient-based 
attribution, or influence functions adapted to transformers. Attention visualization is attractive but 
contested because attention weights do not always correspond to true causal importance[24]. In retrieval-
augmented generation (RAG), context provenance tracing exposes which retrieved snippet or snippets 
supported each factual claim, which helps auditors determine whether a hallucinated claim came from 
poor retrieval, flawed reasoning, or fabrication[25]. Instruction lineage explainability addresses the fact 
that many LLM responses are shaped by hidden system prompts, safety policies, or role constraints, 
and exposing which internal instruction blocked or overrode a request is a form of policy explainability 
useful for safety review and compliance[26]. A key limitation is that attribution at the level of identifying 
that a sentence came from a particular source document is more tractable than attributing stylistic tone 
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to a training dataset, and dataset-scale provenance remains an open problem because training corpora 
are massive and often proprietary[9].

Stepwise Reasoning Traces and Chain-of-Thought Explanations

The goal of stepwise reasoning traces is to reveal the intermediate reasoning, planning, or tool-use 
steps that led to the final output. In tool-using or planning-oriented agents, the model may decompose a 
task into subgoals, call tools or external APIs, summarize intermediate results, and then produce a final 
answer. Surfacing this chain provides humans with a causal story that can be valuable for debugging 
incorrect answers and for compliance reviews that verify whether the model accessed disallowed tools 
or risky data[27]. A significant caveat is that generated reasoning traces can themselves represent post-hoc 
rationalizations rather than faithful accounts of computation. A model can produce a coherent explanation 
even when the true causal path in its hidden activations was different. Balancing faithfulness, meaning 
whether the explanation reflects actual internal computation, with helpfulness, meaning whether it is 
understandable to humans, remains an active research topic[28].

Mechanistic Interpretability for Generative Models

Mechanistic interpretability aims to understand the internal circuits of the model itself by analyzing 
neurons, attention heads, MLP layers, and residual streams to discover causal roles[19]. Examples 
include identifying induction heads that copy previous tokens forward in transformer models, detecting 
neurons that robustly activate on unsafe content such as self-harm instructions or personally identifiable 
information, and editing internal activations to steer generation through techniques such as activation 
patching and causal tracing[29]. In diffusion models, researchers probe denoising steps to locate where 
semantic attributes are introduced and then intervene on those attributes to control generation style[30]. 
Mechanistic interpretability is promising because it aims at ground-truth faithfulness by attempting to 
explain what the model is actually doing rather than what it reports doing. However, it is technically 
intensive, not yet practical for product deployment, and scales poorly as models grow to hundreds of 
billions of parameters[31].

Concept Activation and Latent Space Probing

The goal of concept activation and latent space probing is to map human-understandable concepts onto 
internal model features. For vision and diffusion models, linear probes can be trained to detect semantic 
concepts such as military uniform, medical device, or celebrity face in latent features[32]. If a probe 
strongly activates on a given concept, it becomes possible to state that the model internally represented 
that concept at a specific stage of generation. For language models, similar techniques identify directions 
in embedding space associated with attributes such as sentiment, toxicity, political leaning, gendered 
phrasing, or programming style. By moving along or suppressing those latent directions, researchers can 
both explain and control the generated style[33]. This approach is useful for fairness audits that ask whether 
the model implicitly associates certain jobs with a gendered direction, and for safety purposes asking 
whether a violent planning concept emerged internally before disallowed instructions were filtered[34].
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Counterfactual and Contrastive Explanations

Counterfactual and contrastive explanations address the question of what the model would have generated 
if some aspect of the input were different. Counterfactual explanations for generative AI can take the form 
of minimal prompt edits that change a specific part of the output, alternative decoding paths showing 
which other coherent answers were likely, or style and instruction toggles that reveal which internal 
constraints suppress certain content[35]. Contrastive explanations are often more satisfying for human 
users than absolute explanations because they simultaneously explain a behavior and communicate 
safe interaction boundaries. However, counterfactual search in high-dimensional prompt spaces is 
computationally expensive, and naive approaches can accidentally reveal how to phrase unsafe requests 
in ways that would receive a response, which constitutes a security concern[36].

Data Provenance and Training Influence

The goal of data provenance and training influence analysis is to attribute generated content to specific 
training examples or fine-tuning data. Stakeholders increasingly ask whether a generated image mimics 
a specific copyrighted artwork, whether a code snippet derives from GPL-licensed code, or whether a 
medical recommendation quotes a sensitive health record[37]. Influence functions and nearest-neighbor 
retrieval over training embeddings are being explored to estimate which training samples most influenced 
a given output, and these approaches can support copyright audits and privacy leak investigations[38]. The 
central challenge is scale, as frontier models are trained on trillions of tokens, and storing, indexing, and 
auditing influence at that resolution is highly nontrivial. Legal sensitivities around proprietary datasets 
add further friction to this area of research[9],[10].

How Do We Evaluate Explanations?

An explanation for generative AI is only useful if it is meaningful to the intended audience and faithful 
to the model’s actual computation. Five desirable properties define a useful explanation in this context. 
Faithfulness requires that the explanation tracks real causal contributions rather than plausible stories, 
and mechanistic methods aim most directly at this property[29]. Completeness or coverage requires that the 
explanation accounts for the main drivers of the output including the prompt, policy, memory, tool calls, 
and decoding strategy, rather than only one slice of the process[27]. Actionability requires that a developer, 
auditor, or end user should be able to take some action based on the explanation such as reproducing, 
correcting, appealing, or refining the request[21]. Cognitive fit requires that the explanation be matched 
to the audience, as a red-team analyst might need neuron-level traces while an end user might need 
only a plain-language statement that the answer is based on a specific section of an uploaded document. 
Robustness requires that the explanation remain stable under small perturbations of the input, because if 
rephrasing the same question yields a completely different explanation, user trust in the system collapses[39]. 
A fundamental tension persists between these properties: high-faithfulness, neuron-level causal graphs 
are not cognitively usable by most people, while highly usable natural-language summaries risk being 
post-hoc justifications. Generating explanations that are simultaneously faithful and consumable for 
different stakeholders remains a core unsolved problem[40].
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Key Challenges

Hallucination and Invented Evidence

LLMs sometimes produce confident statements with no factual grounding[10]. When asked to justify such 
a statement, the same model can produce an articulate but fabricated rationale. This creates a recursive 
hallucination problem in which explanations themselves can hallucinate, making it dangerous to rely 
solely on self-reported reasoning. Mitigation requires grounding answers in cited sources through RAG 
provenance, deploying external verification pipelines, and conducting audits that distinguish internal 
causal factors from post-hoc narratives[25].

Multi-Agent and Tool-Using Systems

Modern generative systems increasingly browse documents, call APIs and code interpreters, write 
intermediate notes to memory, refine drafts, and then produce a final result[31]. This complexity raises 
the question of which component should explain the output: the base model, the planner agent that 
orchestrated tool calls, the retrieval component, or the human who approved a draft. Explainability in 
this setting becomes workflow explainability rather than simply model explainability, requiring versioned 
execution traces that record which step produced which part of the final answer and under which policy.

Privacy and Security

Many explanation techniques require surfacing sensitive internal details. Internal instructions or safety 
prompts may reveal red-team policies when exposed, training provenance analysis may leak personal 
data, and counterfactual demonstrations can inadvertently reveal how to bypass safety filters[33]. This 
creates a fundamental paradox in which richer explanations can increase misuse risk. This tension will 
be central to how future regulations are formulated and enforced[9].

Intellectual Property and Attribution

Image and code generators raise significant intellectual property questions. If an explanation reveals that 
a generated image strongly resembles a specific artist from a specific training dataset, that finding may 
support compensation or opt-out mechanisms for the artist[37]. However, it also confirms that the model 
memorized and can reproduce a particular style, which some vendors consider proprietary. Balancing 
transparency obligations with legitimate business confidentiality is both politically and economically 
contested.

Scale and Latency

Producing explanations such as influence traces, provenance metadata, and causal maps can be more 
computationally expensive than producing the raw output itself. Systems deployed at web scale 
must generate explanations cheaply, consistently, and in near real time. Meeting these requirements 
simultaneously remains an open engineering problem[35].
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Regulatory Pressure Without Technical Clarity

Governments, standards bodies, and industry consortia are moving toward requirements for meaningful 
explanation, auditability, or documentation of training data sources. However, what counts as meaningful, 
sufficient, or reasonable effort is not yet standardized across jurisdictions or technical communities. This 
gap between legal expectation and technical feasibility is widening as deployment accelerates[9],[37].

Future Research Directions

Native Explainability Architectures

Today, most explanations are added to models after the fact. Future frontier models should be designed 
to be interpretable from the outset, trained with architectural constraints or auxiliary objectives that yield 
structured reasoning traces, causal bottlenecks, and disentangled safety controls that are inspectable by 
default rather than reverse-engineered later[38].

Verified Reasoning Traces

Mechanisms are needed to verify that a model’s stated reasoning actually influenced its output. Possible 
approaches include cryptographic commitments to intermediate states, sandboxed tool calls whose 
outputs are logged and signed, and causal intervention tests in which removing a step from the trace must 
change the final answer[28]. Such mechanisms would allow auditors to distinguish honest causal chains 
from post-hoc rationalizations.

Standards for Provenance and Citation

Every generated claim that appears factual should be linkable to its supporting evidence. For text models 
this means tracing paragraphs to retrieved sources. For image or code models it could mean associating 
visual or stylistic features with clusters of training samples from identified licenses. These standards will 
be essential for copyright enforcement, misinformation control, and scientific reproducibility[39].

Human-Aligned Abstraction Layers

Raw neuron activations are too low-level for practical use by most stakeholders, while English-language 
rationales are sometimes too high-level and unfaithful. Intermediate representation layers designed for 
auditors are needed, including task decomposition graphs, safety policy trigger logs, bias and risk scores 
per subtask, and uncertainty indicators on each part of the generated artifact. These abstractions should 
be consistent, machine-readable, and comparable across vendors.

6.5 Counterfactual Safety Sandboxes

Organizations deploying generative AI will increasingly want to systematically probe how models respond 
to large sets of borderline-dangerous prompts before deployment. This approach combines automated 
red-teaming with counterfactual explainability, producing structured maps of which safety rules fired, 
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which internal mechanisms were responsible, and where the model remains vulnerable[36]. Such sandboxes 
could become a standard component of compliance audits and certification processes.

Explainable Alignment Controls

Fine-tuning, reinforcement learning from human feedback (RLHF), direct preference optimization, and 
safety adapters steer models toward desired behaviors[7]. At present these processes are largely opaque. 
Transparent alignment reports are needed that document which behaviors were strengthened or suppressed, 
by which data, and with what expected side effects such as changes in refusal rates, politeness, or hedging 
behavior. This would make the alignment process itself auditable rather than only the final model.

Multi-Agent Accountability Graphs

As agentic systems chain multiple models, tools, and memory buffers, responsibility graphs are needed 
to assign provenance to each contributed step. Such graphs would support post-incident forensics by 
clarifying which module in an autonomous system failed when unsafe content was produced, whether 
the failure originated in the retrieval filter, the planner, or the base LLM[40].

Socio-Technical Governance and User Experience

Explainability is not only an algorithmic challenge. It is simultaneously a user interface problem asking 
what explanation a clinician actually needs before acting on an AI-generated diagnosis, an organizational 
process problem asking who signs off on AI-generated legal language, and a policy problem asking 
what minimum disclosures are mandatory in regulated sectors[31]. Future work must integrate technical 
explainability with policy frameworks, legal audit trails, human-in-the-loop review workflows, and 
sector-specific user experience norms[39].

Conclusion

Explainability for generative AI is not simply a matter of computing feature importance for text output. 
It is a broader requirement to make model behavior inspectable, auditable, and governable across the full 
life-cycle of generation, encompassing data ingestion, prompting, planning, tool use, decoding, alignment, 
and safety enforcement. This paper proposed four guiding questions for any generative output, namely 
attribution, intention, mechanism, and alternatives, and surveyed current approaches including prompt 
attribution, reasoning traces, mechanistic interpretability, latent concept probing, counterfactual analysis, 
and data provenance. The analysis demonstrates that useful explanations must be both faithful to the 
model’s causal process and practically usable by humans with varying levels of technical expertise. Eight 
concrete research and engineering directions were outlined to close that gap, covering native interpretable 
architectures, verified reasoning traces, provenance standards, human-aligned abstraction layers, 
counterfactual safety sandboxes, explainable alignment controls, multi-agent accountability graphs, and 
socio-technical governance. Generative AI will continue to gain autonomy, economic impact, and legal 
scrutiny in the years ahead. Systems that cannot explain themselves to developers, auditors, regulators, 
and end users will increasingly be viewed as defective or non-compliant under emerging regulatory 
frameworks. The future of trustworthy generative AI is therefore inseparable from its explainability.
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