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Dead Internet Theory

5
The “theory” might be not real, but AI contents are indeed multiplying



What does this mean for LLMs? 
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What does this mean for LLMs? 

7Source: THE CURSE OF RECURSION:TRAINING ON GENERATED DATA MAKES MODELS FORGET

https://arxiv.org/pdf/2305.17493


What does this mean for LLMs?
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What does this mean for LLMs? 

9Source: THE CURSE OF RECURSION:TRAINING ON GENERATED DATA MAKES MODELS FORGET

Due to finite sampling, 
common/rare events are 
overestimated/underestimated.

Tails wash away over iterations.

https://arxiv.org/pdf/2305.17493


What does this mean for LLMs?

10Source: AI Gone MAD (Jen Sorensen)

https://jensorensen.com/2024/09/11/ai-model-collapse-mad-cow-cartoon/


Model Collapse in Vision

Wenger et al., 2024
11



Model Collapse in Vision 

12Bertrand et al., 2023

Image quality & 
diversity (↓)

Diversity (↑)



How do we measure this in text? 
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How can we 
measure changes in 
quality and 
diversity for text? 
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The Big Ideas 

● How can we quantify linguistic diversity? 
● Once weʼve decided on some metrics…

○ When we train models on their own outputs, how does it 
affect linguistic diversity?
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Tasks

News Summarization
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Story GenerationScientific Abstract 
Generation

*high entropy



Metric(s) 1: Lexical Diversity

● What is the variety of words in the text?
● Hypothesis: a collapsed LM will have a smaller vocabulary.
● How they quantify this:

○ Type-token ratio (TTR) = number of unique words (types)/number of 
running words (tokens)
■ Truncate texts to fixed length

○ Distinct-n = number of unique n-grams
■ n=2,3

○ 1 - Self-BLEU = BLEU score of one sentence against all others (averaged 
across all sentences)
■ Report inverse so higher is better/more diverse
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Metric 2: Semantic Diversity

● Similar words can have different semantics and different words can 
have similar semantics

● Get embeddings from Sentence-BERT

Div_sem = average pairwise cosine-distance of all embedding vectors
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Metric 3: Syntactic Diversity

● Neural parser → dependency trees → graph representations
○ Nodes = words
○ Edges = dependency relations

● Graphs → vector space (using Weisfeiler-Lehman graph kernel)
○ graphs that are structurally alike are closer to each other in the 

embedding space

Div_syn = average pairwise cosine-distance of all dependency 
vectors
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Training Setup
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*In this paper, n= 6

Base model: 
OPT

 (Zhang et al., 2022)



Results
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Overfitting? 

High entropy tasks 
suffer more

Syntactic and 
lexical diversity 
decrease most

Semantic 
diversity is most 
stable



Syntactic vs Semantic Embeddings over iterations
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Div_syn Div_sem



Ok, but 100% synthetic data isn’t realistic…

How can we change the setup to make it more realistic? (still not very 
realistic)

1. Filter synthetic data
a. Discard the worst 20% of the synthetic data with a linguistic 

acceptability filter (RoBERTa trained on COLA)
2. Mix in fresh human data

a.  60% human (split into 6 10% folds), 40% synthetic train set
b. For each training iteration, mix in one of the 6 folds
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Does it help?
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filtering makes it worse!



Takeaways

● In 100% synthetic settings, lexical and syntactic diversity decline
● Semantic diversity remains largely unaffected
● In other words, the big ideas are not affected, but the details of the 

language such as vocabulary and structure become less diverse
● Filtering and mixing in fresh human data does not stop the quality 

decline 
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Motivation

- Is the model collapse fear real?
- Prior works largely assume the synthetic data replaces human data
- Maybe they are overestimating the fear with a wrong assumption
- Realistic assumption: accumulating synthetic data + human data
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Motivation

28Prior works



Motivation

29Prior works This work



Brief Glance at Results (VAE on image)

30
Real imagesAccumulateReplace



Brief Glance at Results (Linear models)

31
Replace Accumulate



Closer look at LLM experiments
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Models: Llama2 (12M, 42M, 125M) , GPT2 (9M)

Dataset: TinyStories



Q. How does temperature affect the curves?
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Less temperature leads to 
faster loss of tail distribution



Q. Is the difference from the training compute?
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Multiplying the synthetic data for R to match the training compute still 
leads to model collapse



Q. Are their metrics reliable?

- LLM: Crossentropy
- Diffusion Models on Modelcular data:  standard loss used by GeoDiff
- VAE on images: Reconstruction error
- Linear models: MSE
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Q. Are their metrics reliable?
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(1st paper)

Over the iterations,

Perplexity (=cross  
entropy) gets better, 
but the fine-grained 
metrics get worse



Q. Are their metrics reliable?
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R looks clearly broken

1. Repetitive words
2. Broken words 

(“Lovedk”, 
“possibilitant”)



Q. Are their metrics reliable?
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Wait, A is not perfect 
either!

1. Crab -> Tim
2. Happy happy 

happy

But there is no 
comparison (no 1st 
iteration for A), so we 
are not sure



Q. Are their metrics reliable?

- Need future works that evaluate this setting with more diverse 
metrics

- Or just use the first paperʼs text diversity metrics 
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Contributions & Limitations

Contributions

1. Showed that model collapse is 
preventable with simple 
methods and experiments

2. Various models (linear models, 
LLM, VAE, and diffusion models)
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Limitations

1. Single eval metric for LLMs
2. Missing critical experiment 

results



Discussion Questions
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1. Why does model collapse lead to generating broken words (not only 
repeated or false information)?

2. Why does perplexity decline in the first paper and increase in the 
second for the replacement case?
a. Does the use of TinyStories, given that itʼs already synthetic, accelerate 

model collapse?
b. Pretraining vs finetuning?

3. Model collapse vs. self-bootstrapping methods? 
Why donʼt we see model collapse in the latter? (Or do we?)
(STaR: Bootstrapping Reasoning With Reasoning,  Self-Rewarding Language Models, etc.)

4. Better ways to prevent model collapse?
a. Like the methods introduced by Pratyush Maini

https://pratyushmaini.github.io/


● Recursively training on synthetic data decreases lexical and syntactic 
diversity

● Accumulation “seems” to avoid model collapse better than 
replacement, but more diverse metrics and datasets are needed

● Itʼs important to maintain “creativity” as the web becomes more 
saturated with synthetic data

Conclusion
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Proponents
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Juno Kim, Nathan Ju



● In Paper 2, model sees increasingly more data in the accumulation regime 
compared to replacement (more gradient steps in 1 epoch)

● They “control” for number of updates in ablation experiments, but only 
have 2 data points (Appendix C Table 2)

● For these points, loss increase is almost halved → big confounding factor!

Controlling for data size
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● In particular, they ablate by increasing the replacement dataset size, but 
the accumulation dataset size should have been fixed

● I.e., compute remains constant while the proportion of original data 
decreases over iterations

Controlling for data size
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Hence this 
comparison 
is invalid!



Potential cherry-picking
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As mentioned above – 
do not show examples 
for accumulation 
regime at higher 
iterations (which 
supposedly avoids 
model collapse)



● Paper 2 analyses a toy linear model and show model collapse is bounded; 
but too simplistic to give good intuition 

Toy theoretical analysis
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Toy theoretical analysis
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● This relies heavily on the entire system being linear (hence unbiased); 
general nonlinear systems will have multiplicative error accumulation

● Even with data dist. shift decreasing as (1/i) and generously assuming some 
system “Lipschitz” constant c, this leads to unbounded error:

Another model collapse paper (Shumailov et al., 2024) have similar analysis 
for 1D Gaussian sampling due to data gen. also using sample covariance:

Toy theoretical analysis
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By natural standards, model collapse still occurs
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This paper appears to arrive at a 
contradictory conclusion: The 
presence of synthetic data still leads 
to model collapse. Why?



By natural standards, model collapse still occurs
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Beside some major academic drama about paper 2 on OpenReview… 

There is some discussion on the definition of model collapse: 

Although accumulating real+synthetic data has bounded error, it 
does not match the performance of using real data.

 
In fact, there still is a noticeable performance gap when 

accumulating data.



By natural standards, model collapse still occurs
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p_2 = proportion of synthetic data 
c^2 ~ “quality” of synthetic data 

Takeaway: If synthetic data is not high quality, then mixing 
real+synthetic data still has a noticeable (sometimes plateauing) 

suboptimality in test error.



On the role of model size

From Strong model collapse: “larger models tend to amplify model collapse 
beyond the interpolation threshold”. Training LM on synthetic data:
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larger models suffer 
more from model 
collapse here

larger models suffer less from model 
collapse here



On the role of model size
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Past the interpolation threshold, If quality of 
synthetic data is bad, then larger models will 

exacerbate the problem. 

More pink -> 
larger model

Pareto frontiers for 
decreasing quality  
synthetic data



Critics
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Recap

Problem: recursive training of LLMs with synthetic data

Paper 1: experimental setting is not super thorough

- Based on earlier work of Shumailov, et al. (2023) on model perf.
- Focuses on linguistic diversity, not actual model collapse

Paper 2: maybe kinda works? 

- Accumulating data vs. replacing works (better)
- Still (provably) see bounds on performance 
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Issue 1: Maybe the situation is salvageable?

1. Human-mixed data usually performs better with more iterations
2. No ablations done on the filtering
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Issue 1 con’t: Scale might be able to help…
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The authors only test opt-350M (from 2022)...

- Will larger models have similar observations? How about 
reasoners (i.e., Qwen3-4B, Llama 3.1 8B, etc.)



Issue 1 con’t: Better prompting methods?
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The authors find that semantic similarity (i.e., content of produced 
outputs) does not degrade too much…

- Baseline level of info present in successive iterations is still high



Issue 1 con’t: Better prompting methods?
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The authors find that semantic similarity (i.e., content of produced 
outputs) does not degrade too much…

- Baseline level of info present in successive iterations is still high
- Better prompting could be used to extract stronger diversity



Issue 2: Possibly unrealistic experimental setup

The data accumulation strategy is more realistic in Breaking the Curse

- Available data in real life wonʼt just disappear (i.e., Internet Archive)
- Perhaps diversity will be maintained after data accumulation?
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Issue 2: Possibly unrealistic experimental setup
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≠ ≠ ≠…

As models scale, architectures change ->  do results 
generalize in this more realistic setting?



Issue 3: Is the model the problem?

Before and after RLHF alignment: creativity gets worse with RLHF

Maybe weʼre the problem?
63

Lu, et al. (2025)



Issue 3 con’t: The cost of a dead internet

1. Are human linguistic preferences impacted by existing synthetic data?
2. Does the rise of AI-generated content on the web play a role?
3. How do we adjust our training regime to accommodate?

a. Injecting more “creativity” into the training?
b. Is just increasing the diversity in the human feedback enough?
c. Policy controls on AI content dissemination?
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