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Abstract

The rapid development of Large Language Models (LLMs) and other
Foundation Models requires substantial amounts of high-quality, human-
generated training data [1]. However, the global collection of original
human-generated content, known as the 'internet corpus,’ is experiencing a
marked decline [1]. To train successive generations of models, increasing
quantities of data are sourced from the internet, which often includes
outputs generated by existing Al models [1]. "Model collapse” describes a
progressive degradation in learning, initiated when models are trained on
data produced by their predecessors, resulting in a diminished ability to
capture the true underlying data distribution [1]. This degradation is
exacerbated by the loss of long-tail information, which is rare, difficult to
obtain, and often sensitive. Consequently, model outputs become
increasingly similar, reducing diversity and quality [1]. This issue impairs
performance and may render future Al systems unreliable and less effective
[1]. Recent research by Shumailov et al. (2024) highlights the model
collapse phenomenon resulting from continual training on synthetic data.
Borji (2024) further examines this issue using distribution fitting and
iterative sampling of generated data [2].
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INTRODUCTION
The Crisis: The Inevitability of Model Collapse

The core challenges are thesis addresses the phenomenon call known as model collapse.
Definition: Model collapse refers to degradation in learning, wherein models trained on data iteratively

generated by their predecessors lose the capacity to accurately represent the true underlying data
distribution. This process results in the neglect of long-tail information—rare, intricate, and subtle data—
leading to increased homogeneity and deterioration of model outputs [1]. This phenomenon poses a
fundamental threat to the utility and reliability of future Al systems, extending beyond mere performance
concerns.

Comprehensive Evaluation of Pertinent Literature and Research Deficiencies
Preliminary studies [1] have successfully simulated the mechanisms underlying model collapse, as shown

in [Table 1]. Nevertheless, subsequent mitigation strategies have not provided scalable or lasting solutions,
resulting in persistent gaps that this research seeks to address:

Table 1
Existing Solution/Approach Critical Limitation/Failure | The Research Gap
Mode
Watermarking & Filtering | Approaches like watermarking and | Absence of a Trustless
(Detection) filtering are often described as an | Mechanism: There is no
unwinnable arms race [3]. A more | secure, immutable
advanced LLM can invariably be | mechanism to definitively
trained to strip or evade the | verify the origin (human
detection mechanisms of older | vs. Al) of data at scale.
filters, rendering filtered data
unreliable. This highlights the
absence of a trustless mechanism
to definitively verify the origin
(human vs. Al) of data at scale [3].
Human-in-the-Loop (HITL) | While valuable, HITL approaches | Need for Algorithmic
(Manual Curation) are non-scalable, slow, and | Integrity: A scalable,

prohibitively expensive for data on
the internet's scale [3]. They
cannot effectively police the vast,
continuously  scraped  corpora
required for training foundation
models, pointing to a need for
algorithmic integrity that is
scalable and automated [3].

automated framework is
missing to maintain the
integrity of petabytes of
data without continuous
human intervention.

pg. 164




KIMR VOL.03 NO. 05 (2026)

DECENTRALIZED PROVENANCE LAYER FOR FOUNDATION MODELS..

Hybrid Training
(Mixing Data)

Heuristics

The use of a fixed "golden ratio,"
such as 30% human data,
represents a temporary heuristic
that lacks mathematical rigor [3].
This approach does not address the
ongoing decline in data integrity
within the "human™ anchor set,
highlighting the absence of a

Lack of a Quantifiable
Metric: There is no
formal, dynamic Integrity
Score to quantify the risk
exposure of a dataset and
automatically adjust the
training process
accordingly.

quantifiable and dynamic Integrity
Score to evaluate dataset risk
exposure and to enable automatic
adaptation of training processes

[3].

The core vulnerability remains the absence of provable data provenance at a systemic level [4] [5] [6] [7]
[8] [9] [10] [11] [12] [13] [14] [15]. Provenance, which describes the origins and processing history of
data, is crucial for verifying data products, assessing quality, analyzing generative processes, and
establishing trust [4] [8] [9].

Thesis Aims and Objectives

This study suggests the solution of such critical gaps by establishing a solid framework that establishes,
monitors, and punishes contamination of synthetic content. The primary objective is to design, model and
test a Decentralized Provenance Layer (DPL) of LLM training data [3]. It is this DPL that would gauge the
risk of Model Collapse and promote the use of high-quality and person-created content. [3].

Formalizing the Algorithmic Integrity Metric (AIM)
Development of a rigorous AIM involving the use of math to determine the risk by a training set of the
origin of the training set [3].

Designing the DPL Architecture

A proposal of a scalable, distributed ledger architecture to store, track and audit sources and
transformations of data in the training pipeline. Three. Due to its transparency, traceability, and
immutability qualities, blockchain technology is increasingly being explored as a data provenance
technology in machine learning systems.
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Figure 1

Source: [16] The flowchart as shown in [Figure 1] illustrates a comprehensive process involving
explainable Al, generative Al, and on-chain and off-chain data storage, with information retrieval and
auditing mechanisms. This demonstrates how blockchain can ensure integrity and explain ability of Al-
based decisions through secure data storage and auditing [16].

Modeling and Simulation: Simulating the DPL framework’s impact on a recursive training loop,
demonstrating how penalizing low-AIM data maintains the long-tail distribution and prevents collapse,
compared to baseline models [3].

Evaluating Scalability and Cost: Analyzing the computational overhead and latency introduced by the
DPL compared to traditional data curation methods [3].

Main Goal: To design, model, and evaluate a Decentralized Provenance Layer (DPL) for LLM training

data that quantifies the risk of Model Collapse and provides a mechanism to incentivize the use of high-
integrity, human-sourced content.[2]
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Specific Objectives:

1. Formalize the Integrity Metric (AIM): Develop a rigorous Algorithmic Integrity Metric (AIM) that
mathematically quantifies the risk exposure of a training dataset based on the provenance history of
its components.

2. Design the DPL Architecture: Propose a scalable, distributed ledger architecture to register, track,
and audit data origins and transformations within the training pipeline.

3. Model and Simulation: Simulate the DPL framework’s impact on a recursive training loop,
demonstrating how penalizing low-AIM data maintains the long-tail distribution and prevents the
convergence to collapse, compared to baseline models.

4. Evaluate Scalability and Cost: Analyze the computational overhead and latency introduced by the
DPL compared to traditional data curation methods.

PROPOSED RESEARCH METHODOLOGY
Thesis Hypothesis

Hypothesis: The central hypothesis is that implementing a decentralized provenance system that assigns
and maintains an objective Algorithmic Integrity Metric (AIM) for training data will significantly mitigate
the effects of Model Collapse in successive generations of LLMs, outperforming standard heuristic data-
mixing methods 3.

Proposed Solution: The Decentralized Integrity Framework
The solution proposed is the Decentralized Integrity Framework (DIK) which will utilize aspects of

distributed ledger technology to establish a chain of custody for data [3] [17] [18] [19] [20] [11] [21].

Phase 1: Theoretical Modeling and AIM Development

This phase starts by mimicking the basic mathematical structure of Model Collapse, which may be
implemented by Gaussian Mixture Models or by simple Variational Autoencoders (VAES), as done in
some basic literature [31]. The Algorithmic Integrity Metric (AIM) will be created and will be a score
between 0 (pure synthetic data) and 1 (original human data) [3]. One important aspect is the way this score
is passed down: AIM will diminish over the following generations and transformations, in a formal way
modelling the loss of diversity [3]. This decay is important to show the decreasing integrity of recursively
generated data[1].

e Modeling Collapse: Start by replicating the core mathematical models of Model Collapse (e.g., using
Gaussian Mixture Models or simple VAES) as established in the foundational literature.[1]

e Developing AIM: The Algorithmic Integrity Metric (AIM) will be designed as a score ranging from 0
(pure synthetic data) to 1 (original human data). The core challenge is how this score is transferred:

pg. 167
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a) Through further generations and transformations, AIM will lose diversity and be formally
modeled.

b) The diversity will be lost over the course of future generations and changes, and it can be modeled
formally by AIM

Phase 2: DPL Architectural Design

The DPL will use aspects of distributed ledger technology (or a verifiable database) to establish a
chain of custody process for data as shown in [Figure 2].

Registration: Original human-made “seed data” (like verified books, approved codebases) is
registered and is time stamped with an AIM of 1.

e Propagation: In the propagation, any data produced downstream from an Al model will include a
tokenized history of the lineage of the model and a reduced AIM score mathematically.

e Incentive Mechanism: The next generation LLM will have the training objective (loss function)
changed to incorporate a regularization term, which will be inversely proportional to the data's AIM
score.

L' = Lstandard + 7\; * COSt (AIM)

where A is a penalty factor. This mathematically penalizes the model for using low integrity data, thereby
encouraging it to use human-sourced data or high-AlM synthetic data.
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Phase 3: Experimental Validation

This phase will include deploying an open-source language model (like a smaller-sized Llama or OPT
model) to emulate training across multiple generations [3] [23].

e Model Implementation: Use an open-source language model (e.g., a smaller LIama or OPT model) to
simulate training over multiple generations [3] [23].

e Experiment Groups:
a) Control Group: Training on 100% synthetic data over and over again (to copy Model Collapse)

[3] [1]

b) Heuristic Group: Recursive training on prespecified fixed ratio of 30% human / 70% synthetic

[3].

c) DPL Group: R Recursive training based on the loss function, which is based on the AIM score
using the DPL framework [3].

e Evaluation Metrics: Track and monitor key metrics across generations.

a) Perplexity: The linguistic coherence and diversity are measured by perplexity (a).Perplexity
measures the linguistic coherence and linguistic diversity

b) Long-Tail Accuracy: Special benchmarks created to test the model's ability to capture hard-to-
remember facts and subtleties in knowledge.

c) AIM Distribution: Check the distribution of the AIM score over time for the training set ensuring
that the system is self-regulating.
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EXPECTED CONTRIBUTIONS AND SIGNIFICANCE

The anticipated contributions are the introduction of the Algorithmic Integrity Metric (AIM), a verifiable,
non-heuristic approach for evaluating data quality and risk exposure in recursive Al training [3]. The DPL
design offers a scalable and auditable framework for the Al community to monitor data provenance in the
context of pervasive synthetic content [3]. This research presents a governance-focused and
mathematically rigorous solution to the Model Collapse issue, transcending ephemeral, non-scalable
remedies [3].

The proposed research is highly significant as it addresses a core existential threat to the long-term
viability of generative Al [1]. By creating a framework for verifiable data integrity as shown in [Figure 3],
this thesis provides a pathway for sustainable Al development that aims to prevent the inevitable
homogenization and collapse of global knowledge systems [3]. This work lays the theoretical and
architectural foundation for ethical and robust data curation in an age of proliferating synthetic content [3].
The integration of LLMs with data provenance systems is essential for trustworthy and responsible Al
modeling [25] [26] [27] [8] [11]. As LLMs gain broader applications, for instance in e-commerce for
product knowledge graphs or in behavioral healthcare, the integrity of their training data becomes
paramount [28] [29]. Furthermore, the challenges of generating truly novel and diverse ideas with LLMs
highlight the importance of high-quality data input [30]. [31] [32] [33] [34] [35][36]

Expected Contributions:

1. A Trustless, Formal Metric: The introduction of the Algorithmic Integrity Metric (AIM), which
is the first verifiable, non-heuristic method for quantifying data quality and risk exposure in
recursive Al training.

2. Architectural Blueprint: The DPL design provides a scalable, auditable blueprint for the entire Al
community to track data provenance in the face of widespread synthetic content.

3. A Fundamental Mitigation: This research provides a governance-centric and mathematically-
sound solution to the Model Collapse problem, moving past temporary, unscalable fixes.

/Artificial Intelligence

/Deep Learning
Natural
Language
Foundation Processing
models (NLP)

Generative Al

Figure 4
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Source: [31] As [Figure 4] illustrates the hierarchical relationships between Al, deep learning, generative
Al, foundation models, and LLMs, emphasizing the foundational role of LLMs in these advancements
[31]. Ensuring the reliability of LLMs, as foundational models, is crucial for the entire ecosystem.

Significance

The proposed research is extremely relevant to an existential problem that affects the future of generative
Al. The thesis establishes a shared solution for establishing verifiable data integrity, thereby offering a
way forward in the sustainable development of Al that does not lead to universal homogenization and
global knowledge systems collapse. This work provides the theoretical and architectural basis for data
curation which is ethical and strong in the era of proliferation of synthetic content [3].

Conclusion

The problem of "model collapse” in Large Language Models (LLMs) and Foundation Models is that they
use Al-generated content in a recursive training fashion, diminishing the pool of high-quality human data
and ultimately diminishing model performance. Current approaches, including watermarking and Human-
in-the-Loop curation, are not suitable because they are not scalable or are vulnerable to sophisticated Al
strategies. This research proposes a Decentralized Provenance Layer (DPL) framework that provides an
Algorithmic Integrity Metric (AIM) to reduce model collapse. AIM measures the integrity of data (from 0
with synthetic to 1 with human-generated), and decays mathematically with each generation and simulates
diversity loss. The DPL, based on distributed ledger technology, also documents the flow of data and
records the initial human "seed data" with an AIM of 1. The innovative incentive mechanism includes a
modification of the LLM loss function that involves seeding with lower integrity data and penalizing the
use of such data, thus promoting high integrity content. The framework will be tested on perplexity, long-
tail accuracy and AIM distribution across generations through experimental validation, which includes
control, heuristic, and DPL groups. This DPL and AIM is a tangible, non-abstract data quality solution and
it provides a scalable framework to track data provenance. The study offers a mathematically rigorous
answer to the model collapse problem, paving the way for sustainable development of Artificial
Intelligence and maintaining data integrity in the age of synthetic content.
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