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Abstract. As generative Al models become increasingly influential
across creative and scientific domains, concerns about transparency
and data attribution have grown significantly. Our research aims to
develop a model-agnostic, interpretable framework for estimating
the influence of training data on generated outputs, without requir-
ing access to internal model parameters. Initial experiments used text
and embedding similarity, while current work introduces structured
knowledge graphs (KGs) to provide concept-level explanations. We
evaluate these methods in both local and black-box settings. Look-
ing ahead, we will further enhance reasoning through user and expert
studies, and explore disentangled representations as an interpretable
alternative to dense embeddings. The overarching goal is to build
practical tools that increase transparency in generative Al and sup-
port applications in copyright and responsible deployment.

1 Introduction and Research Objectives

The rapid advancement of generative Al has led to widespread adop-
tion across creative and scientific domains, but it has also intensified
concerns about transparency, ownership, and accountability. These
models are often treated as black-boxes, offering limited visibility
into how specific training samples influence the generated outputs.
This raises critical issues in contexts where attribution matters, espe-
cially in domains involving copyrighted content such as art.

At the heart of these concerns lies a fundamental ethical and le-
gal question: who should receive credit or ownership when a model
generates content influenced by protected works? Artists and content
creators are increasingly speaking out against the use of their work in
training Al models without their permission. Lawsuits, such as those
by the New York Tirnesﬂand Getty Images, highlight the grow-
ing conflict between Al development and intellectual property rights.
In response, regulatory frameworks such as the EU’s Al Act [3] and
UNESCO’s ethical guidelines |§]] are beginning to outline principles
for responsible Al development that respect ownership and trans-
parency. Despite these developments, most generative models, es-
pecially the large-scale and commercially deployed, remain opaque,
making it difficult for creators to assess if and how their work has
influenced outputs. Existing influence estimation techniques, such as
influence functions or retraining-based attribution [4] |5} [7]], require
access to internal model parameters and gradients, which makes them
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impractical for black-box scenarios. Moreover, these approaches of-
ten fail to provide interpretable, human-readable justifications of how
and why particular training samples affect the outputs.

In this work, we investigate the development of a general method
for analysing the influence of training data that can be applied across
different generative models, including those treated as black boxes.
The approach is model-agnostic and data-centric, aiming to uncover
which training samples are most likely to have influenced a given
output, without requiring access to model internals. The central idea
is to estimate the contribution of specific training samples to a given
output by leveraging techniques from information retrieval, semantic
similarity, and structured representations. The goal is to make gener-
ative models more interpretable, providing creators, researchers, and
regulators with clearer insights into how outputs are shaped by train-
ing data, and supporting more ethical use of Al systems.

2 Overview of the Proposed Framework

The central goal of our research is to develop a general, interpretable
framework for analysing how training data influences outputs from
generative models. This framework is designed to be model-agnostic
and applicable even in black-box settings, meaning it does not rely
on access to internal parameters, training pipelines, or gradients. In-
stead, it focuses on external observations: the user’s prompt, the gen-
erated output, and the accessible training data.

Figure m illustrates the central idea behind the proposed frame-
work. Given a generated image produced from a user’s prompt, with-
out requiring access to the internals of the model, the aim is to trace
potential influences from the training dataset. Assuming access to
training data, the framework compares the generated output to can-
didate samples in order to identify those most likely to have shaped
the result. The core research challenge lies in designing an effective
and interpretable comparison strategy.

Our work explores different strategies for this step. An initial ap-
proach, presented in earlier work |[2], combines text-based retrieval
with image embeddings to identify influences. This paper highlighted
that removing the most similar training samples led to noticeable
changes in the output, validating their influence and supporting a
model-agnostic pipeline for copyright analysis. More recently, we
have introduced a structured comparison method based on KGs,
which enables semantic-level matching and interpretability. In both
cases, the outcome is an influence report that lists the training sam-
ples that may have contributed to the generated image in decreasing
probability of influence. Importantly, we also consider cases where
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Figure 1: Overview of the proposed framework. Given a user prompt, a model produces an image. The system compares the output with the
training samples using structured or feature-based representations, generating a report on likely influences to support copyright auditing.

the original training dataset is not directly accessible. In such sce-
narios, we either use web-scale retrieval to approximate the original
training data or construct domain-specific knowledge bases to enable
influence estimation and semantic comparison.

3 Initial Steps

In the early stages of our research, we have developed a model-
agnostic framework for identifying the influence of training data on
the outputs of generative models 2. This approach was grounded in
two principles: (1) avoiding any reliance on model internals, and (2)
combining textual and visual similarity to locate the most relevant
training examples for a given output.

Specifically, we have a two-step pipeline. The first step performs
text-based retrieval using TF-IDF and cosine similarity between the
user’s prompt and the training data descriptions. The second step re-
fines the candidate set by evaluating similarity between the gener-
ated image and the retrieved samples, using raw pixel comparisons
and embeddings, e.g. as derived from ResNet50. We define the most
influential images as those that scored highest in this ranking.

Focusing on a fashion application scenario, we validated our
framework by conducting unlearning experiments using a locally
trained model, based on the DALL-E|’Jand a fashion dataset of 44K
items [1]. The source code for the experiments is available in the
GitHub repository’| The results show that generated images changed
significantly when the selected training samples were removed, con-
firming that the retrieval-based method identified true contributors.
We have also extended the approach to a black-box setting by using
Stable Diffusion generations and retrieving web images as a proxy
for the unknown training set. The framework consistently surfaced
highly similar retrieved images, indicating promising results in this
setting. An initial demo for large-scale, black-box scenarios is avail-
able on Hugging Faceﬂ

4 Current Work

While the initial approach provides promising results, it lacks
human-understandable explanations. To address this limitation, we
are currently working on enhancing influence estimation by incorpo-
rating structured representations. In particular, we choose to work
with KGs as a way to semantically describe the content of each
image. We have developed a framework that automatically extracts
structured representations from images using multimodal-LLMs,
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mantic triples that are stored in Neo4j|'[fand used to construct in-
terpretable graphs. These graphs enable meaningful comparisons be-
tween generated and training images by focusing on specific concep-
tual axes, such as object types, visual attributes, materials, or stylistic
motifs that may have influenced the generation process.

This KG-based approach is being evaluated in both local and
black-box settings. In the local case, we applied the method to iden-
tify influential training samples and validated the results through
unlearning experiments. The results are comparable to those from
embedding-based retrieval, with the added advantage of more in-
terpretable explanations. In the black-box case, we are focusing on
style-specific generations by collecting reference images that cap-
ture a target style. We extract KGs from the reference and gener-
ated images to compare their semantic content and identify overlaps.
This enables a transparent analysis of stylistic influence. Although
our experiments focus on fashion and style-specific generations, the
method is domain-agnostic. It can be adapted to other fields by using
embeddings from domain-relevant models and adopting an appropri-
ate ontology.

guided by a domain-specific ontology%The system generates se-

5 Future Directions

In the next phase of our research, we plan to focus on KG-based
influence analysis, as it shows strong potential to provide human-
understandable explanations. The goal is to evaluate how effectively
these representations help users interpret the generation process. To
this end, we intend to conduct user studies that assess the useful-
ness of the influence reports. In parallel, we will engage with domain
experts to assess the quality of the produced graphs. This will help
shape a more general framework that supports both the KG commu-
nity and practitioners seeking interpretable generative models.

A second direction involves exploring disentangled representa-
tions as a promising solution. Unlike dense embeddings, disentan-
gled features aim to separate meaningful generative factors, such as
colour, shape, or style, which are easier for users to understand and
reason about [0} |9] [10]. In our research, we plan to use KGs as a
structured way to support the extraction and organisation of these
factors from images. This strategy will offer a practical and explain-
able alternative to black-box embeddings, supporting the analysis of
what aspects of training data contribute to specific components of a
generated image.
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