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What happens when the output of generative Al models is included in the training
data of new models? With the rise of generative Al content online, and considering
that most training data for AI models is sourced from the Internet, concerns have
arisen about how this generated content might taint future training datasets. Existing
research has evaluated the effect of models consuming their own output, and has shown
that the output of self-consuming models degrades with each successive generation
of re-training, a phenomenon coined as “model collapse.” This degradation takes the
form of a loss of diversity in the output of the model. Currently there is limited
research on the impact of models consuming other models’ output, specifically large
language models. In this study we aimed to determine the effect of training a model
on a different model’s output. Additionally, we developed a potential solution to
prevent “model collapse.” Guaranteeing the majority of training data is guaranteed
to be human-generated (non-synthetic) data has been shown to mitigate the loss of
diversity caused by “model collapse.” Given that Al models are here to stay, the
methods for developing new models will need to evolve to address this issue, ensuring

that Al development can continue to progress and improve.
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Chapter 1

Introduction

The prevalence of artificial intelligence generated content (AIGC) across the internet
has exploded, with nearly every online service incorporating some artificial intelligence
(AI) feature or application. With this, the amount of AIGC on the internet is also
increasing at a rapid pace. Recently, a study has proposed the concept of “model
collapse” which states that generative models trained on AIGC will experience a
degradation in their results, which manifests as a decrease in the diversity of the
generated material [21].

Shumailov et al.[21] posits that model collapse is unavoidable without access to
non-synthetic (human generated) data. To address this, we propose actionable steps
that can be taken during model training to mitigate model collapse. The simplest
solution is guaranteeing that the majority of the training data is verified to be human
generated and not AIGC. Additionally, we evaluated the effect of a model being
trained on data generated by a different model, which we refer to as cross-training.

With the introduction of Transformers architecture by Google in 2017, the devel-
opment of generative Al, specifically large language models (LLMs), has leapt forward
[27]. This new architecture has been used to create models which are trained on huge
datasets. This gives the models the ability to handle a variety of prompts and have

diverse capabilities. These LLMs produce text that is extremely human-like. How-



ever, this new advancement in Al model development has the potential to lead to
issues with future models in the form of model collapse.

Research into model collapse is novel, but Shumailov et al.[21] has shown that
it can be detrimental to generative models, and that it affects many types of Al
models. Therefore, action needs to be taken to prevent model collapse as soon as
possible. For generative models to be able to interact with up-to-date, contemporary
knowledge, they need to be trained on up-to-date material, which is sourced from the
internet. However, the amount of AIGC on the internet has dramatically increased,
especially with easy accessibility to models like ChatGPT. Therefore, the likelihood
that data pulled from the internet will contain AIGC will only increase as more time
passes. The more AIGC there is online, the more likely this content will be included
in training sets and lead to model collapse.

Current research by Shumailov et al.[21], as well as an additional study on model
collapse that came out concurrently [2], has shown that model collapse is avoided
by training on human-generated (non-synthetic) data. However, given that large
training sets of LLMs contain billions of examples, and hundreds of billions of tokens,
it would be extremely difficult to identify and remove AIGC. In addition to being
completely infeasible to do this manually given the large size of these datasets, it is
also difficult for both humans and other models to detect AIGC. There is also little
to no regulation requiring the AIGC to be labeled as such online, so it cannot be
removed this way either.

Recently there have been pushes to develop technologies made to detect AIGC.
But the effectiveness and accuracy of these tools has been called into question [3, 29].
Therefore, model developers must act under the assumption that there is a chance
when scraping a large amount of internet data, this data will contain AIGC and

currently the available tools are not sufficient to detect and remove it.



A potential solution would be to only train models on internet data collected before
AIGC started to proliferate on the internet. However, this would not be viable as this
would limit the amount of contemporary knowledge an Al would have, which is not
desirable for LLMs as it limits their ability to answer questions about contemporary
topics. Another solution is that in the future there could be a large, open-source push
to collect a large amount of human-generated content into training sets for model-
training purposes. However, this would take a large amount of time and resources,
so it seems not feasible to deal with the immediate threat of model collapse.

Considering that existing solutions are non-viable, we aimed to develop simple,
actionable steps that can be taken to diminish the risk of model collapse immediately.
We propose that by guaranteeing a certain percentage of training data is human
generated. This means that the rest of the training data can be sourced from the
internet and might include AIGC, but this effect of model collapse will be diminished
compared to using all training data sourced from the internet. This can be done
easily when sourcing training data and doesn’t incur additional cost to modify the
architecture of the generative model.

Additionally, we aimed to answer two questions with our experiment:

1. What happens when a model is trained on another model’s output? We refer
to this concept as cross-training. We aim to determine if cross-model training

lessens the effect of model collapse.

2. Is there an inflection point where the percentage of generated data compared
to human data leads to a decrease in the accuracy of the model? We aim to
determine if there is a specific percentage of human data that can be included

in the training data that will lessen the impact of model collapse.



Chapter 2

Related Works

There is currently a dearth of research investigating model collapse. The concept of
model collapse was first introduced by Shumailov et al. [24], in which they proposed
that training a model on generative data misrepresents the true distribution of the
data and leads to a degradation in the output of the model. They state the importance
of human (non-synthetic) data in the training sets of models.

In this section we will evaluate current research into model collapse, as well as
other factors that contribute to model collapse including Al content on the internet,

Al detection and watermarking.

2.1 Model Collapse

Shumailov et al. [21] stated in their study that model collapse is inevitable with-
out access to non-synthetic data. They also showed that it affects many kinds of
generative models and model collapse has two stages: “early stage” and “late stage.”

“Early stage” model collapse involves a model trained on data that was produced
by a model that has only gone through a few cycles of generative-model inbreeding.
This means that maybe it is trained mostly on human-generated data instead of
AIGC. It could also mean it was trained on model-generated data but the model that

generated the data was trained on human data, so it has only done through a single



cycle of inbreeding.

“Late stage” model collapse involves a model trained on data produced by a model
that has gone through the many cycles of re-training on AIGC. Shumailov et al. [24]
stated that this can lead to the output of the model zeroing in on a single point in
the data distribution.

Their experiment focused on “early stage” model collapse because generative mod-
els have only just achieved wide-spread prominence. With the recent release of gen-
erative models like Chat-GPT and MidJourney, it is unlikely for there to have been
an opportunity to reach “late stage” model collapse at this point. In other words,
it is unlikely that AIGC from models that have been trained on AIGC will appear
in large training datasets sourced from the internet. GPT-3 was trained on multiple
large training sets, the largest of which is Common Crawl! [3]. The internet data
contained in the Common Crawl was collected when generative models weren’t as
prevalent and thus these datasets were less likely to include AIGC. Therefore, we
think that “early stage” model collapse is the most pressing concern currently. If we
develop tactics to mitigate early stage” model collapse, “late stage” model collapse
could be avoided.

Shumailov et al. [24] also showed that including a small percentage of human data
in training set in addition to the AIGC they obtained through recursive training was
able to lessen the effect of model collapse.

Another paper about model collapse was published roughly concurrently, which
called model collapse MAD (Model Autophagy Disorder) [2]. Alemohammad et al.
[2] agreed with the conclusions reached by Shumailov et al. [24], that model collapse
is inevitable without access to non-synthetic data. They also state that models have

a threshold for how much synthetic data they can be trained on before it impacts the

https://commoncrawl.org/overview
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model’s output, stating that in specific instances, a small amount of synthetic data
obtained through biased sampling can improve a model’s performance, yet strongly
decrease the diversity of the models’ output. They state that the loss of diversity
caused by model collapse can be observed as a loss of less-likely outcomes over suc-
cessive training cycles, and supported the conclusion that model collapse can be seen
in all types of generative models. In addition to these conclusions, they showed that
watermarking in models, which they refer to as “architectural fingerprints” of models
are amplified by model collapse.

A new study proposed metrics specifically meant to measure the diversity of output
in LLMs to help measure an LLM experiencing model collapse [9]. They looked
at ways to measure the three cornerstones of language: lexicality, semantics, and
syntactically. Additionally, they proposed that tasks that provide less context and
expect more variability in the response, which they refer to as “high entropy” tasks,
are more susceptible to model collapse. This essentially states that tasks asking an
LLM to be more“creative” will experience model collapse faster over recursive re-
trainings and will experience a loss in linguistic diversity more acutely.

The conclusions reached in these studies establish that model collapse exists and
has detrimental effects, provide general guidelines on how to avoid model collapse by
using non-synthetic data, and ways to measure model collapse’s effects. However, Guo
et al. [9] didn’t investigate the sensitivity of the proposed linguistic diversity metrics.
Additionally, these studies only evaluated models trained on their own output. Our

study aims to evaluate the effect of an LLM trained on the output of a different LLM.

2.1.1 AI Generated Content on the Internet

The amount of AIGC on the internet has increased in the last few years, but it is

difficult to measure or approximate the amount, as it is rarely labeled, and much



of it is intentionally presented as created by humans instead of AI. While the exact
amount is difficult to measure, there has been a marked increase.

From an ethical perspective it is undesirable to have unlabeled AIGC on the
internet. LLMs have already been shown to be used for nefarious purposes, such
a powering bot networks on social media [31]. In addition to this being an ethical
concern, it can also be seen as detrimental to the long-term goal of developing and
innovating LLMs. There is now a likelihood that data obtained from social media will
contain responses from bots that made those responses using Al, and if you were to
train/fine-tune a model using this data your model could begin to exhibit symptoms
of model collapse. Social media is the basis for communication across the world and
responsible for much of modern pop culture, so there will have to be decision made
on whether the information obtained from social media data will be worth the risk of
model collapse.

A fortunate change some companies are implementing is requiring Al content to
be labeled. This includes social media companies like Meta? and art-sharing platforms
like DeviantArt3, which have updated their terms of service to require Al content to
be labeled. This can help to filter out synthetic content from web-scraped datasets.
However, content moderation to enforce this rule would be extremely challenging as
AIGC is designed to appear human-generated, and the accuracy of Al detection tools
has been called into question. Additionally, these new policies are still in the process
of being introduced and not every company has such policies, so they cannot be relied

on currently to prevent model collapse.

Zhttps://about.fb.com /news/2024/02/labeling-ai-generated-images-on-facebook-instagram-and-
threads/
3https://www.deviantart.com/about /policy /service
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2.1.2 Watermarking and AI Detection Tools

We have established the importance of using non-synthetic training data. When
collecting extremely large datasets from the internet that have the potential of con-
taining AIGC, there are a few proposed solutions. One solution is detecting and then
removing such content using Al detection tools. For such large amounts of content
this would have to be automated rather than manually sorted, requiring the use of
machine-learning driven tools. However, there is ongoing debate among researchers
on the efficacy of Al detection tools.

In general, it is hard for humans to identify Al generated text. One study found
that participants were only able to correctly identify Al generated text 24% of the
time [11]. LLMs are designed to generate text that emulates human text that they
are trained on. As these models improve their accuracy, they will become harder for
humans to detect.

Even if humans were better at detecting AIGC, it is not feasible to try to manu-
ally detect and remove it. For instance, the training sets used to train GPT-3 were
approximately 500 billion tokens, with 60% of the dataset being sourced from Com-
mon Crawl, which many would consider takes “snapshots of the entire internet” for
internet archiving purposes [3]. The amount of data is impossible for humans to
manually sort into synthetic and non-synthetic categories for training purposes. For
that reason, a proposed solution is to have AI detection tools that can automate the
process.

There is a multitude of viewpoints among researchers about the efficacy of Al
detection, both theoretically and in practice.

Some researchers purported that the Al detection is theoretically possible because

AT generated texts and human-generated texts have different distributions [1]. Others



say that paraphrasing Al generated texts can make them significantly harder to detect
using Al detection tools [I3]. This has concerning consequences not just for Al
detection to avoid model collapse, but also for education. There are already concerns
about being able to reliable detect whether an LLM wrote parts of education and
academic research [5]. The fact that paraphrasing can be used to avoid detection could
compound this problem. Another study showed that this effect can be compounded
using recursive paraphrasing, which can make the detection rate of an Al text drop
to under 60% [23].

How accurate are Al detection tools in general? One study that did a review of
16 available Al detection tools found that while some tools were acceptably accurate
when detecting GPT-3 texts, the tools struggled to detect GPT-4 texts [3, 29]. A dif-
ferent study of available tools showed that some tools had high accuracy for detection,
other tools struggled to detect AIGC, and all the tools had a significant percentage
of false positives [1].

One proposed solution to improve Al detection is watermarking models. For
text generation models, this consists of formatting models so that their responses
are always recognized as generated by the model, which is referred to as semantic-
watermarking. There are currently many proposed ways to watermark LLMs. How-
ever, one study has stated that using semantic watermarking for the purposes of Al
detection is impossible [32]. They showcased a watermarking attack that can be used
to remove multiple watermarking methods with minimal loss in quality. Additionally
they showed that watermarking will inevitably lead to a reduction in the quality of
the models response, currently making it a non-viable solution for model collapse.
Watermarking would also require changing the structure of the model itself which is
expensive.

Therefore, we propose a solution that only requires curating the training data of



the model to include datasets guaranteed to be written by humans. This can take the
form of large corpus of books written by humans, text written before the prevalence
of transformer models, or some other curated dataset where the contents are verified

to be written by humans.
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Chapter 3

Materials and Methodology

This section outlines the training and generation methodology of the experiment.

We aimed to see if the ratio of human-to-model generated data affected the rate
of model collapse. Specifically, if there is a minimum amount of human generated
data that needs to be in a model to lessen the effect of model collapse. Previous
experiments showed that recursively training a model on its own output leads to
models collapse. We wish to evaluate the effects of a model trained on a different
model’s output, or cross-model training.

Code for this experiment is available at https://github.com/gabriellestein /thesis.

3.1 Experimental Overview

We have split the structure of the experiment into cycles, shown in Figure 3.1. Each
cycle will have a LLM, referred to as Model-1, that will be fine-tuned on a dataset.
This dataset is meant to simulate real-world data that has been sourced from the
internet.

As more LLMs are released and used by the public, the more diverse the origins of
AIGC seen online will become. Currently, most Al content on the internet is produced
by GPT models, specifically from Chat-GPT. However, as the market evolves more

companies will begin releasing competitors. This is already shown through the release
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of LLMs such as Mistral or Gemini. This will undoubtedly increase the amount of
AIGC online.

This dataset is treated as if it was scraped from the internet with unlabeled AIGC.
This dataset will be referred to as Dataset-0. Each cycle of the experiment will start
with 25 percent less human-generated training data than the previous cycle, moving
from 100% to 0% training data.

After fine-tuning, Model-1 will generate text that will make up a new dataset,
Dataset-Model-1. This would be used to fine-tune a different model than Model-1
which we will refer to as Model-2. Model-2 will then generate a second dataset,
referred to as Dataset-Model-2. This is how we will implement cross-model training.

We hypothesized that a model with a different architecture would experience less
of a loss of diversity caused by model collapse. Different models are trained on
different-sized contexts and are shown to have different levels of accuracy. For that
reason, training a model on another model’s output might “trick” the model into
thinking this model was generated by a human instead of another model.

We wanted to evaluate how cross-model training affects linguistic diversity com-

Experimental Cycle

Dataset-0

Generate Train Generate

Model-1 Model-2

Dataset-Model-1

Dataset-Model-2

Analyze

Analyze Analyze

>\$lts/

Figure 3.1: Generalized diagram showing the basic steps taken in our experimental
design. Every “cycle” of the experiment, which begins with a different percentage of
synthetic data in Dataset-0, follows each step listed above before data analysis.

<
<
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pared to model collapse caused by self-consuming models, or models trained on their
own output. To get a baseline or control for how Model-2 would respond would re-
spond to being trained on its own output, as well as being trained on a different
model’s output, we also completed a series of cycles where Model-2 was trained on
percentages of its own data. This cycle is shown in Figure 3.2. We began with
the same dataset from the original cycles, Dataset-0. After Model-2 was trained on
this dataset and then generated Dataset-Model-2-Base, percentages of this output
would be injected into Dataset-0 to retrain Model-2, the same way it was for the
cross-training experimental cycle.

After this has been done for all the cycles from 100% to 0% for both the baseline
and cross-training experimental cycles, we will evaluate the datasets to see whether

and how much each model is exhibiting symptoms of model collapse.

Experimental Cycle: Control

Train Generate

> Model-2 > Dataset-Model-2-
Base

Dataset-0

Analyze

Figure 3.2: Generalized diagram of experimental cycle to determine control. This
cycle is meant to establish a baseline for how a Model-1 responds to self-consuming
its own output compared to the output of another model.
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3.1.1 Models

Considerations when choosing the models to use in the experiment:

e The models must be open source. This is to support open-source model devel-
opment and will be more cost-effective. Model architecture and troubleshooting
will be easier with open-source models. Additionally, the results of this experi-

ment will be more valuable from a replicability perspective.

e The models must have different architectures or from different model “families.”
This is an effort to “trick” the model into believing that text was human gen-
erated instead of machine generated. In practice, this means that both models

cannot be GPT models, Llama models, Flan models, etc.

e For ease of implementation, developing the experiment so that very little changes
need to be made when switching between training and generating text with both

models.

To build off the experiments from both Shumailov et al.[21] and Guo et al.[9] we
decided to continue to use OPT-350M [31] as Model-1. This model is open-source
and easily accessible through the Transformers library provided by HuggingFace [30].

The reason we chose to have OPT-350M act as Model-1 instead of Model-2 was so
we could potentially better compare our results to that of Guo et al.[9] if we had the
opportunity to expand beyond very early stage of model collapse we are evaluating
in this experiment. If we were able to train and re-train the models multiple times to

evaluate cross-model training for a later of stage model collapse, we could compare the
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results to models experiencing later stage model collapse that were tested in previous
research.

For Model-2 we wanted an open-source model also available through the Trans-
formers library, one that is well-suited for fine-tuning research purposes. For that
reason, we chose Llama-2, which is a commonly used open-source LLM which is often
used in research applications [20]. We chose the smallest size of Llama-2 available,
Llama-2-7B with 7 billion parameters to be comparable in size to OPT-350M. Addi-

tionally, a larger model would be difficult with time and resource constraints.

3.1.2 Dataset and Task

For the experiment we chose a single natural language processing (NLP) task. Guo
et al.[9] has previously shown that many NLP tasks are affected by model collapse.
They stated that “higher entropy” tasks, which essentially require more “creativity”
from the model, will be more greatly affected by model collapse. We chose a task
that required a smaller number of tokens to be generated. This would provide enough
text to measure the linguistic diversity, while also reducing generation time for the
large number of required samples.

Text summarization has a low entropy, according to Guo et al.[9] This will al-
low the model to save time and computing resources as the output for each sample
in the dataset will only require less tokens per generation/sample in the dataset.
Additionally, there are existing metrics well suited to measure the accuracy of text
summarization that we can use to further evaluate the model.

When determining what dataset to use for the experiment, we wanted a well-
curated large dataset which is meant to ensure high-quality data that would act as
a non-confounding variable in the experiment. We chose XL-Sum, a large dataset

comprised of abstractive summaries of articles in 44 languages [10]. This dataset was
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used for the “Text Summarization” task from Guo et al.[9]. It was designed to provide
high quality and human-curated summaries for training and research purposes. Other
similar large datasets sourced a lot of their data from places that weren’t guaranteed
to have been written by humans. For instance, Guo et al. [9] used a story generation
dataset that was sourced from Reddit, which is hard to authenticate the responses
and verify the quality. XLSUM has already done this.

The dataset is already formatted and maintained on HuggingFace, making it easily
accessible through the Dataset library [19]. This also has the added benefit of being
designed to integrate with other components of the HuggingFace ecosystem we used
in our code.

We selected a random sample of the English portion of the dataset (5%), which
included approximately fifteen thousand samples for fine-tuning. This still provided
a satisfactory training context while significantly cutting down on both the training
and generation steps. A recent study has shown that having a small amount of quality
samples provided better results than many samples that were low quality [35], so we
were confident that using a portion of XLSUM would not negatively affect fine-tuning

the models.

3.1.3 Model Training

We implemented instruction tuning to fine-tune the models [33]. Instruction-tuning
utilizes supervised learning to train a model to perform a specific task by providing
instruction-output pairs to show the model what its expected output should be. This
is useful as we are only training our model to summarize text, and this specific task
is an ideal use-case of instruction tuning. We gave the model the Instruction: “Sum-

marize the following text.”, followed by the article to summarize, and the summary
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associated with the article. This was done using HuggingFace’s TRL library® [25],
which provides a straightforward method for automatically formatting training data
for instruction tuning. We trained the models for 5 epochs.

When fine-tuning the models, we wanted to optimize, where possible, to cut down
on running time. For that reason, we chose to use low rank adaptation (LoRA) to fine-
tune the model [ 1]. This allowed us to specialize the model for text summarization
without having to adjust the pre-trained model weights. LoRA greatly reduces the
number of trainable parameters and therefore reduces the time spent fine-tuning,
without having to sacrifice model quality. We used the PEFT (Parameter Efficient
Fine Tuning) library provided by HuggingFace? [21].

In addition to LoRA we used the AdamW-paged-32-bit optimizer, which is an
implementation of the AdamW [20] that is designed to transfer paged memory of the
optimizer state to CPU when GPU memory is exhausted. This is useful as we will
only be using a single RTX 4090 GPU.

When training Llama-2, we needed to quantize the model to 8-bit to fit on a single
GPU [7]. We did this using the built-in 8-bit quantizer available through bitsandbytes
library® , which provides implementation for optimizations that integrate with other
HuggingFace libraries.

We used the cross-entropy loss function that is the default loss function for Hug-
gingFace language modeling to optimize the model when training. The goal of the
experiment is not to optimize the model to be more diverse to avoid model collapse,
but instead to train the model like we would “normally” for the task we chose, in this

case text summarization, and evaluate the diversity of the responses from there.

Thttps://github.com/huggingface/trl
Zhttps://github.com /huggingface /peft
3https://github.com/TimDettmers/bitsandbytes
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3.1.4 Text Generation: Inference Strategy

When generating text for both Model-1 and Model-2, we limited the number of new
tokens generated to 50 in line with Guo et al.[9]. We used top_p (nucleus) sampling
set to 0.9 to slightly limit the token included in responses, and a temperature of 0.7
to create slightly more diverse responses.

For OPT-350M (Model-1), we used a 3-beam search when generating the model’s
responses. This improved the quality of the responses while still generating at a speed
that remained within time constraints.

For Llama-2 (Model-2), we used a different decoding approach due to time con-
straints. Because of the large parameter size of Llama-2, we took a combination of
approaches to speed up the time taken to generate responses. The model is quan-
tized to 8-bit to fit on the GPU and increase inference speed. Secondly, we used
Flash Attention-2 [6], which improves upon Flash Attention-1 and increases inference
speed. The final way we increased speed was using n-gram based assisted decoding?,
which builds on the concept of speculative decoding [15]. This strategy greatly in-
creased inference speeds, cutting generation time in half for Llama-2. It works on the
assumption that many tokens in the prompt will appear in the output, which is well
suited for text summarization. This tells the model that tokens that appear in the
article should be higher priority in the summary. With these optimizations, single
GPU inference was possible and more efficient.

We applied post-processing to the text that was returned by models. This meant
removing incomplete sentences or extraneous text segments as seen in Figure 3.3.
Only what the model considered the summary of the text was included. If the sum-

mary ended before the 50 token limit was reached the model would search for what

4https://github.com/apoorvumang /prompt-lookup-decoding
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to include until the 50 token limit was reached. In practice, occasionally the article

for the summary would be re-printed, or the summary itself would repeat.

3.1.5 Evaluation Metrics

The levels of both linguistic diversity and accuracy can be compared between all the
datasets (Dataset-0, Dataset-Model-1, Dataset-Model-2) to see the effects of both the
percentage of human training data and cross-model training.

Guo et al. [9] proposed a series of novel metrics to measure the linguistic diversity
of generated text. The three categories of metrics determine lexical, semantic, and
syntactic diversity.

We used preexisting metrics to measure lexical diversity, such as Type-Token Ra-
tio (TTR) [12, 25], Distinct-N [16], and SELF-BLEU [17]. However, as Guo et al.
[9] state, only looking at lexical diversity is not sufficient to measure the linguistic
diversity of a text. For that reason, we also use metric measure syntactic (structure/-
grammar), and semantic (meaning) diversity.

To measure syntactic diversity, Guo et al. [9] propose creating graphs using Uni-
versal Dependencies formalism to represent the structure of the text, then vectorize
the graphs so that graphs closer to each in the embedding space are more alike. Then
calculate the average pairwise distance (D_syn_p) or the average centroid distance
(D_syn_c) among all graph embeddings.

Similarly, to measure semantic diversity, Guo et al. [9] propose creating sentence
embedding vectors that are dispersed across semantic space. Then calculate the
average pairwise cosine-distance (D_sem_p) and the mean cosine distance of each
embedding vector to the centroid (D_sem_c).

In addition to the metrics proposed by Guo et al. [9] we added several metrics to

the measure model accuracy. These metrics include perplexity which was calculated
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from eval loss, ROUGE [18], BLEU [22], and an F1 score, which ROUGE acts as
recall and BLEU acts as precision.
Figure 3.4 shows the specifications chosen for the experiment, referencing the

specific models and dataset chosen, as well as the evaluation metrics chosen.
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##H# Summary:

A French veteran of the Second

World War has been awarded
the Legion d'Honneur.

Post-processing

### Summary:

. A French veteran of the Second

#H# Text:

A French veteran of the Second
World War has been awarded
the Legion d'Honneur.

Hit

##H# Summary:

13 Samsung smartphones and
tablets have been targeted by
Apple in a new lawsuit.
### Source:

BBC News
### Credit:

AFP
#Hit

Post-processing

”| World War has been awarded

the Legion d'Honneur.

##H# Summary:
« | 13 Samsung smartphones and

#H## Summary:

The RHI scheme was a "gross
betrayal" of the trust that
should
operate between ministers and
officials, a lawyer for civil
servants has
said.

#iH# Text:

The inquiry was told that the
Department for the

Post-processing

" tablets have been targeted by
Apple in a new lawsuit.

### Summary:
The RHI scheme was a "gross
betrayal" of the trust that
should

Figure 3.3: Examples of extraneous text returned by the models if the summary
completed before the 50 token generation limit was reached. Before analyzing the

N
" operate between ministers and
officials, a lawyer for civil
servants has
said.

text this response was post-processed to remove this extraneous text.
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Training Dataset:
News Summarization
(XLSUM)

100% Human Data

75% Human Data

50% Human Data

25% Human Data

0% Human Data

TRAIN

Detailed Experimental Cycle

ANALYZE

OPT
DATASET

ANALYZE

DATASET

METRICS

Linguistic Diversity

Lexical (vocab)
Semantic (meaning)
Syntactic (Structure/grammar)

Accuracy:

Perplexity
BLEU
ROUGE
F1 Score

LLAMA

ANALYZE

Figure 3.4: In-depth diagram of the experimental design. This diagram references
specific experimental elements such as the models and dataset chosen. It shows each
step of the experiment before data analysis.
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Chapter 4

Results and Discussion

4.1 Results

We can see from Table 4.1 that the self-consuming Llama-2 models have higher diver-
sity scores for almost all cycles and metrics compared to Llama-2 cross-model trained
on the output of OPT-350M. The only type of diversity that the cross-model trained
models performed better than either human data for self-consuming models was se-

mantic diversity, where it scored higher for all percentages. However, for most cycles,

Syntactic Semantic Lexical
Perplexity Dsynp Dsync Dsemp Dsemc Self-BLEU TTR Distinct-2 Distinct-3

100 Percent Human - 10.09 7.169 1.359 0.962 0.556 0.061 0.442 0.783
Llama-2 Trained on Self 5.55 9.705 6.902 1.354 0.958 0.487 0.064  0.394 0.717
Llama-2 Trained on OPT-350M | 5.46 9.365 6.69 1.364 0.965 0.38 0.061  0.317 0.58

75 Percent Human - 10.101 7.187 1.36 0.962 0.54 0.062 0.435 0.772
Llama-2 Trained on Self 5.53 9.833 6.992 1.349 0.955 0.47 0.066 0.383 0.687
Llama-2 Trained on OPT-350M | 5.47 9.362 6.697 1.363 0.965 0.393 0.065 0.337 0.601
50 Percent Human 9.886 7.034 1.359 0.962 0.524 0.063  0.425 0.759
Llama-2 Trained on Self 5.51 9.666 6.871 1.348 0.954 0.456 0.065 0.375 0.68

Llama-2 Trained on OPT-350M | 5.47 9.133 6.523 1.363 0.965 0.388 0.065 0.33 0.591
25 Percent Human - 9.873 7.014 1.358 0.961 0.507 0.063 0.412 0.741
Llama-2 Trained on Self 5.48 9.633 6.847 1.347 0.954 0.453 0.064 0.373 0.677
Llama-2 Trained on OPT-350M | 5.47 9.38 6.71 1.364 0.965 0.392 0.065  0.337 0.601
0 Percent Human - 9.77 6.956 1.355 0.959 0.491 0.064  0.394 0.717
Llama-2 Trained on Self 5.45 10.006  7.112 1.348 0.954 0.457 0.065 0.374 0.679
Llama-2 Trained on OPT-350M | 5.46 9.413 6.727 1.362 0.964 0.395 0.064 0.337 0.603

Table 4.1: This table shows the scores for all the diversity metrics plus perplexity for
all baseline/control cycles of the experiment, where each cycle had 25% less human
data in the training set for the model. In this table we compare the original human
data combined with different percentages of generated data from Llama-2, output
from Llama-2 which was trained on this combined data, and output from Llama-2
which was trained on the output of OPT-350. The best scores for every metric are

bolded.




the self-consuming models scored higher than both human data and cross-trained
model data for all other metrics.

When comparing human data, OPT-350M data, and cross-model trained Llama-
2 data in Table 4.2, we can see that a lower percentage of human data in training
data lead to lower linguistic diversity scores overall for each cycle. However, Llama-2
models overall still scored lower or the same for almost all diversity metrics. The only
exception to this is that Llama-2 scored higher than OPT-350M and human data for
the 0% human data cycle.

Table 4.1 and Table 4.2 display the perplexity of the models trained in addition
to the linguistic diversity metrics proposed by Guo et al. [9]. We can see that
adding synthetic data produced by the model to to the model’s own training set has
decreased the perplexity of the model. This is true both when OPT-350M was trained
on it’s own output, and when Llama-2 was trained on its own output. However, the
perplexity of the Llama-2 models trained on the output of OPT-350M stayed the

same with a variation of about 0.01 across all percentages of human data.

Syntactic Semantic Lexical

Perplexity D._syn_p Dsync D_sem_p D_sem_c Self-BLEU TTR Distinct-2 Distinct-3
100 Percent Human | — 9.999 7.098 1.36 0.962 0.552 0.061 0.442 0.783
OPT-350M 11.55 9.341 (-0.066)  6.669 (-0.061) | 1.362 (0.001 0.964 (0.001) 0.388 (-0.297)  0.06 (-0.006) 0.32 (-0.277)  0.592 (-0.244)
Llama-2 5.46 9.365 (0.003)  6.69(0.003) 1.364 (0.001) 0.965 (0.001) | 0.38 (-0.022)  0.061(0.007) 0.317 (-0.007) 0.58 (-0.019)
75 Percent Human | — 9.99 7.104 1.361 0.963 0.52 0.062 0.424 0.752
OPT-350M 11.26 9.376 (-0.061)  6.701 (-0.057) | 1.362 (0.001) 0.964 (0.001) 0.414 (-0.205) 0.066 (0.063) 0.343 (-0.189) 0.617 (-0.179)
Llama-2 5.47 9.362 (-0.002)  6.697 (-0.001) | 1.363(0.001) 0.965(0.001) 0.393 (-0.05)  0.065 (-0.005 0.337 (-0.02)  0.601 (-0.027)
50 Percent Human | — 9.688 6.904 1.362 0.964 0.472 0.062 0.398 0.711
OPT-350M 11.26 9.4 (-0.03) 6.722 (-0.026) | 1.364 (0.001) 0.965 (0.001 0.406 (-0.141) 0.065(0.05) 0.343 (-0.139)  0.617 (-0.132)
Llama-2 5.47 9.133 (-0.028)  6.523(-0.03) 1.363 (0) 0.965(0) 0.388 (-0.045) 0.065 (-0.008 0.33 (-0.037)  0.591 (-0.042)
25 Percent Human 9.465 6.752 1.364 0.965 0.438 0.062 0.366 0.659
OPT-350M 11.1 9.406 (-0.006)  6.727 (-0.004) | 1.363 (0) 0.965 (0 0.409 (-0.065)  0.066 (0.055) 0.344 (-0.061)  0.617 (-0.064)
Llama-2 5.47 9.38 (-0.003)  6.71(-0.003) 1.364 (0) 0.965(0) 0.392 (-0.042) 0.065 (-0.004 0.337 (-0.02)  0.601 (-0.026)
0 Percent Human 9.273 6.623 1.363 0.965 0.382 0.06 0.32 0.592
OPT-350M 10.92 9.159 (-0.012)  6.558 (-0.01) | 1.363(0 0.964 (0 0.403(0.055)  0.064 (0.069) 0.339(0.06) 0.612 (0.034)
Llama-2 5.46 9.413(0.028) 6.727(0.026) 1.362 (-0.001)  0.964 (-0.001) | 0.395 (-0.019) 0.064 (-0.003)  0.337 (-0.006) 0.603 (-0.014)

Table 4.2: This table shows the scores for all the diversity metrics plus perplexity
for all cross-model training cycles of the experiment, where each cycle had 25% less
human data in the training set for the model. In this table we compare the original
human data combined with different percentages of generated data from OPT-350M,
output from OPT-350M which was trained on this combined data, and output from
Llama-2 which was trained on the output of OPT-350. The best scores for every
metric are bolded.
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We can see that there is an overall decrease from 100% to 0% human training data
for all linguistic diversity metrics aside from the semantic diversity metrics, which
experienced very minor changes for both D_sem_p and D_sem_c for all percentages.
While there is a significant increase between the values 0% and 100%, there is a more
gradual change between each percent group. For instance, between 100% to 75%, the
rate of change is not as significant. Additionally, the rate change seems consistent
across all percent groups. This indicates there is not an inflection point associated
with a certain percentage of synthetic training data the model will experience a sharp
decrease in diversity.

The metrics that seem to be most greatly affected by the addition of synthetic
training data were the syntactic diversity metrics and Distinct-N, where the greater
the N value the more variation there was across the percent groups. This could
indicate these metrics are more sensitive to model collapse compared to the semantic
diversity metrics which does very sensitive, specifically when looking at early stage
model collapse as we did in this experiment.

Interestingly, the semantic diversity scores for Llama-2 models cross-model trained
on the output of OPT-350M where higher than the scores of Llama-2 models trained
on their own output.

Table 4.4 shows that the ROUGE, BLEU, and F'1 scores all displayed a similar
trend to that seen by the perplexity scores. The ROUGE, BLEU, and F1 scores
improved with more synthetic data added, appearing to show that the model was
performing better. This was shown for the models trained on their own output:
OPT-350M models in 4.4 and the Llama-2 models in 4.3, as well as the Llama-2
cross-trained models in 4.4. However, this is contradicted by the decreasing in the

linguistic diversity metrics.
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ROUGE BLEU F1

100 Percent Human | 0.325 0.076 0.062
75 Percent Human | 0.349 0.099 0.077
50 Percent Human | 0.38 0.131 0.097
25 Percent Human | 0.403 0.157 0.113
0 Percent Human 0.428 0.185 0.37

Table 4.3: This table shows the performance metrics that were measured in addition
to linguistic diversity metrics. This table shows the performance scores for the Llama-
2 models that self-consumed their own output.

Model ROUGE BLEU F1

OPT-350M | 0.208 0.052 1 0.044

100 Percent Human | 10" 1 0.469 0.221 | 0.15
OPT-350M | 0.351 0.108 | 0.083

75 Percent Human | 1.0 | .500 0.278 | 0.18
OPT-350M | 0.419 0174 0123

50 Percent Human | 11 0" | 508 0271 | 0.177
OPT-350M | 0.493 0257 | 0.169

25 Percent Human | 1100 | 051 0.275 | 0.179
S OPT-350M | 0.568 0353 | 0.218
ereent Human -y ma-2 0.511 0.281 | 0.181

Table 4.4: This table shows the performance metrics that were measured in addition
to linguistic diversity metrics. This table compares the performance scores for the
OPT-350M models and the Llama-2 models which were cross-model trained on the
output of OPT-350M.

4.1.1 Discussion

Our results reaffirm the conclusion reached by Guo et al. [9] that there was a need
for new metrics to specifically measure linguistic diversity in Al generated text. We
noticed that perplexity and other existing performance metrics that we measured were
insufficient to determine if a model is experiencing model collapse. While the change
across cycles was small, the perplexity did decrease overall when a model was trained
on more AIGC, which would indicate that a model was more accurate. However, this
is deceiving because we known based on the diversity metrics that the diversity in the

text is also decreasing. This shows that perplexity as a measure of accuracy is not
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enough on it’s own to paint the full picture of the quality of the model in the context
of model collapse.

We see similar results when looking at other model performance metrics. ROUGE,
BLEU, and F1 scores are increased as more synthetic training material was added to
the models’ training sets. Without interpreting this in the context of model collapse
these scores would indicate that the models are performing better. However, we can
see that with the increases in performance metrics comes a marked decrease in the
diversity of the generated text.

In evaluating the Llama-2 models that were cross-model trained using the output
of OPT-350M and the Llama-2 models trained on their own output, we can see that
for many metrics the models trained their on their own outputs performed better.
With the exception of semantic diversity, there is a notable discrepancy between the
cross-trained models and the model trained on their own output.

This would indicate that not only is cross-training not a sufficient solution to
avoiding model collapse, cross-training can decrease the lexical and semantic diversity
compared to models trained on their own output.

Semantic diversity improved with improved with cross-model. However it did not
change or barely decreased when the model was only train on its own output indicates
that semantic diversity might not be as susceptible to model collapse compared to
syntactic and lexical diversity. Considering that semantics is meant to measure the
meaning of words, this could indicate that models might retain an understanding of
word meaning even while experiencing early stage model collapse.

We were interested in determining if there was a significant inflection point in
the data that showed that a certain percentage of synthetic data in the training set
would lead to a sharp decrease in diversity. This experiment did not show a sharp

inflection point, but instead showed gradual decrease in diversity through the different
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percentage groups.

For that reason, to avoid model collapse we recommend guaranteeing a “major-
ity” of non-synthetic, human generated data in the training set. The results of this
experiment show that for early stage model collapse, the more human data you can
guarantee is in your training data the less loss of diversity you will experience. It
would be ideal to guarantee 100% of the training data is human-generated, and it
would be detrimental to not guarantee that any of it is human-generated. There-
fore we propose the compromise that guaranteeing a majority of the training data is
human-generated. In practice this could look like using more corpora of books/me-
dia which is guaranteed to be written by humans, or internet data from before the
widespread use of generative Al in the early 2020’s. This would be proportional to the
amount of more recent internet data that is included from sources such as Common
Crawl.

While this is not an ideal solution to model collapse in the long run as over time
the AIGC on the internet will increase and perhaps outpace human generated data
available, it is an actionable solution that can be taken currently to prevent model

collapse.
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Chapter 5

Conclusions and Future Works

5.1 Conclusions

We have provided actionable steps that model developers can take today to slow down
the rate of model collapse. This can be done by guaranteeing that the majority of
training data in the training set is human-generated, which can slow down the rate
of model collapse and loss of diversity in the model’s output. This data can include
things like large corpora of books, and internet data from before the widespread use
of model collapse.

These steps are desirable because they don’t require changes to the architecture
of large models, which are costly. Instead, we suggest that in addition to large
amounts of internet content sourced from places like Common Crawl, one can also
include large datasets that have guaranteed non-synthetic material, like large corpora
of books or other media. If these datasets were developed before the wide-spread
use of generative Als, it would diminish the risk of reaching a later stage of model
collapse and compromising your model.

This solution still provides the opportunity for large models to learn about current /up-
to-date information from the internet with a lessened risk of model collapse, though
with this approach the internet data will now make up the minority of training

data. Many of these corpora are also open-source and are cheaper than web-scraped



datasets.

Additionally, we have determined that cross-model training with a model of a
different architecture/model “family” is not a sufficient solution to preventing early
stage. Within the scope of this experiment, self-consuming models performed better

overall than cross-trained models.

5.1.1 Future Work

In the future we would be interested in expanding the experiment in various ways
to gain a deeper understanding of the effect of models trained on other output. To
expand this experiment we would like to train for more epochs than 5 to see if this
affects the diversity of the models. We would also like to develop a way to optimize
for linguistic diversity when training models as a way to prevent model collapse.

We would like to test multiple instances of training and re-training the models on
AIGC to simulate late stage model collapse. This experiment was limited in that we
only only aimed to test early stage model collapse. We only tested the models being
trained on AIGC once and generating output instead of training and re-training on
AIGC. In the future we would like to evaluate if cross-model training has an impact
on late-stage model collapse that we did not see for early stage mode collapse.

We would want to test more tasks, as this experiment only tested a single task:
text summarization. We would like to determine if certain tasks increase or decrease
have an affect on how cross-model training affects the models. We would also like to
replicate the experiment with other models, including the output of multiple models
in the training set instead of one, to see if this lessens or exacerbates the effects of
cross-model training.

In the future we would also be interested in furthering existing research on measur-

ing linguistic diversity but developing a metrics to measure prosody in LLM generated
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texts. Prosody refers to the stress and intonation of words and how that affects their

meanings.
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