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Abstract: Improving generative AI models through the process of learning from synthetic 
data could offer significant benefits for AI development. Could the use of synthetic, 
model-generated data for its own refinement be a solution? Model collapse is an observable 
deterioration in the accuracy and relevance of responses from a model trained on synthetic, 
model-generated data. The phenomenon is not yet fully understood. I propose an explanation 
based on the application of Shannon's theory of communication to AI models. Model collapse 
emerges directly as a necessary consequence of this explanation. 
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1. Introduction  

Training data for generative AI models are typically obtained from the internet and other 
specific sources. As models develop, limitations in the scope and quality of available training 
data are becoming apparent. Therefore, the use of synthetic data obtained directly from AI 
models is an attractive option for expanding training datasets/corpora. An unresolved 
question remains whether such a solution inevitably leads to a decrease in the accuracy and 
relevance of the model's responses instead of expanding the model's capabilities. The 
phenomenon is called model collapse and could represent a fundamental limitation for the 
future development of AI. 

 

2. Generative AI Model as a Lossy Communication Channel  

We can understand generative AI models as a specific type of highly transformative 
communication/processing channel. The input to such a channel is the user's prompt, and the 
output is the model's response – the generated content. The transmission channel itself is 
represented by information from training data encoded in the model's weights and the 
transformer technology used in the model. Despite their sophistication and size, an AI model 
can be understood as a transmission channel operating in a computable manner. Shannon's 
theorem applies to such a channel – specifically, the Data Processing Inequality (DPI), a 
fundamental concept in information theory. It states that no data processing can increase the 
amount of information that data carries about the original source or any other relevant 
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variable. Processing can only preserve information (in the ideal case of lossless encoding) or 
reduce it (in the case of lossy processing or in the presence of noise) [1, 2]. Although digital 
hardware suppresses physical noise, there are many sources of "effective noise" in the AI 
information processing pipeline – information loss inherent to the digital process: 

●​ Noise in data: Real-world training data contains noise, errors, and inconsistencies. 
●​ Quantization: Quantization of weights and activations is a form of lossy processing 

[3]. For example, quantizing weights from 32-bit to 8-bit reduces the precision of 
representation, leading to approximation and thus a loss of detail in the data. 

●​ Stochasticity of algorithms: Some AI algorithms (e.g., dropout during training, 
sampling with temperature during generation) intentionally incorporate randomness. 

●​ Lossy functions: Activation functions (e.g., ReLU, sigmoid...) and softmax are 
non-linear and generally irreversible, leading to information loss [4, 5]. 

●​ Approximation: The model is always only an approximation of the reality described 
in the data. 

During both the learning and inference processes, the processed data undergoes a series of 
data-intensive, non-entropic, and irreversible processes leading to information loss. Examples 
include the aforementioned activation functions of artificial neurons and the softmax 
function. 

 

3. Model Collapse 

Applying the principle of a lossy communication channel to the cycle where an AI trains on 
its own outputs [3] provides a theoretical justification for model collapse: 

●​ Generating AI output is a form of processing the information stored in the model 
(which originates from the initial data X). 

●​ This output (Yn) is imperfect – it contains noise, hallucinations, loss of nuance (it is 
lossy processing). 

●​ Using this output (Yn) as training data for the next model is another processing step.* 
●​ According to the DPI principle, the information in the subsequent output (Yn+1) about 

the original data X cannot be greater than the information in Yn about the original 
data X: 

 I(X;Yn+1) ≤ I(X;Yn)​
 

●​ Because each step is lossy/imperfect, it is likely that: 

 I(X;Yn+1) < I(X;Yn)​
 



With each iteration of training on synthetic data, the mutual information between the original 
data and the model's output decreases, leading to a gradual degradation in the quality of the 
generated content, manifesting as model collapse. The reduction manifests gradually and only 
statistically. An AI model differs from a simple channel in that its output is not just a 
transformation of information from the prompt but is enriched by information and patterns 
learned from the training data.  

Model collapse is better explained and visualized in the case of an AI image generator. Its 
input could be a text prompt, but also an image fed into the model for improvement, such as 
upscaling. According to Shannon's DPI, such an AI enhancement process cannot add relevant 
information to the image that was not originally present. The performed enhancement thus 
utilizes pre-trained data within the model. The model essentially "sharpens" edges in the 
image, modifies faces in the photo to correspond to some "average" person with similar 
characteristics. Although the resulting enhanced image is significantly more detailed and 
"nicer," we might find, for example, that someone in a group photo now wears glasses after 
processing, which were not in the original image. This is similar to the hallucination of a text 
model. The model incorrectly added glasses where it deemed it probable. Thus, the model 
adds information to the image, but it is not faithful, even though the resulting image looks 
better. This constitutes the generation of an apparently better, but factually distorted output 
[6]. If we were to repeat such a process, the image would deviate more and more from the 
original.  

This also holds true if we repeatedly train the model on such synthetic images. We are 
creating an information feedback loop that increasingly distorts the model with its own 
inaccuracies (or hallucinations and incorrect responses in the case of a text chatbot). This 
manifests as model collapse; the quality of the model's output declines. 

 

4. Computability vs Non-computability 

Shannon's DPI theorem implies significant limitations for all systems operating on the 
principle of a digital computer. As discussed with examples in section 3 (Model Collapse) 
and using analogies with lossy compression and Shannon's theory, systems functioning solely 
based on known, computable rules face fundamental problems with long-term maintenance or 
autonomous increase of meaningful complexity. Even robust error-correction mechanisms in 
these systems primarily preserve information but do not inherently generate unlimited new, 
meaningful, and stable complexity. Rather, in accordance with DPI, they tend towards 
degradation. Information within a computable system, without external informational input, 
can only be preserved or lost. We can imagine a computable system like a computer also as a 
(hypothetical) system of hundreds of billions of gears and stops, calculating just like 
historical mechanical cash registers in stores. Such a system would be capable of 
communicating in human language just like a chip-based chatbot. The emergence of the 
phenomenon of consciousness in such a computable system is counterintuitive. This 
strengthens the argument that consciousness is not merely an emergent property of 



sufficiently complex computation. Computable systems [7] will henceforth be referred to in 
this article as System 1, abbreviated S1. 

It seems as though the existence of limitations in computable systems (S1), in the sense of 
Shannon's DPI, implies the existence of a non-computable System 2, S2. Such a system is 
inherent to humans through the phenomenon of consciousness and subjective experience 
(qualia). System 2 cannot be meaningfully simulated on a computer; it may be fundamentally 
inaccessible to our current (and standard quantum) computers. This hypothesis aligns, for 
example, with some of Roger Penrose's ideas about consciousness [8] and quantum gravity. 
According to Penrose's hypothesis, consciousness is linked to quantum processes in neuronal 
microtubules, which could be beyond the reach of classical computation. The brain processes 
information not only using the computable System 1 but also via the non-computable System 
2 [9]; AI utilizes only the computable S1. 

 

5. Role of Systems S1 and S2 

The computable, algorithmizable System 1 (whether human or AI) works with existing data 
and rules. AI, as an extremely powerful S1, can search and "remix" this data much faster and 
on a broader scale than humans. It can thus generate a vast number of variations, 
combinations, ideas, and potential solutions within the space defined by this data. In this 
sense, AI is truly an "extension of human S1." Since the launch of generative AI models, 
there are two sources of cognition in S1 – humans and AI. This significantly increases the 
total capacity of S1. 

The non-computable, non-algorithmizable System 2 (human only, linked to reason, intuition, 
context, experience/qualia) serves as a filter that assesses the relevance, correctness, 
meaningfulness, and value of ideas generated by the combined S1 (possessed by both humans 
and AI). Human S2 selects what is useful, what makes sense in the broader context of reality 
and human goals. 

This model of collaboration – where AI (a powerful S1) massively expands the possibility 
space and humans (possessing both S1 and S2) perform qualified selection, evaluation, and 
direction – can indeed lead to accelerated progress in many areas. AI provides the "raw 
material" (ideas, analyses), human S2 provides "wisdom," direction, and true relevance. AI 
S1 thus essentially performs massive "brainstorming" for humans, who then select and use 
only the valid outputs. This relates to human-AI feedback mechanisms (RLHF - 
Reinforcement Learning from Human Feedback, thumbs up/down on language model 
outputs). This involves human assessment of the model's output quality. The implementation 
of such mechanisms at the model output is an implicit acknowledgment by AI creators that 
the model itself (S1) cannot fully assess the quality, correctness, or appropriateness of its 
outputs according to human criteria. It needs external evaluation from a human user with 
their System 2 (values, context, assessment of truthfulness, ethics, etc.) to learn to generate 
relevant outputs. AI itself lacks the criteria (values, context, truthfulness - beyond statistics) 



for full self-assessment. These criteria do not exist within S1; they are apparently not fully 
computable. 

 

6. Implications for Model Collapse 

DPI implies that long-term improvement of AI models based solely on synthetic data is not 
feasible. It might be usable partially and under very specific circumstances, but the 
foundation will likely always remain the use of "fresh" data. Such data might even originate 
directly within the model through inference, but their final assessment must be made by a 
human, System S2. For instance, if a model is prompted to create new theories, it will 
generate several. Some will be invalid, but one might represent a scientific breakthrough. 
However, the model itself cannot recognize which one it is; this requires assessment by a 
human expert utilizing S2. It's as if the model plays hockey well but cannot recognize when it 
scores a goal. A human referee, S2, is needed for that. 

For this reason, models typically work with some form of human feedback. RLHF (see 
above) represents a key tool for mitigating or suppressing undesirable outputs, slowing 
degradation, and aligning the model with human preferences [10]. It supplies external 
information input (the human evaluator's S2), which helps counteract degradation in the 
closed information loop of AI operating solely in S1. In models like ChatGPT, RLHF is used 
to suppress inappropriate responses, but the subjectivity of human evaluators can lead to 
errors. Suppressing degeneration via RLHF depends on the ratios between the amount of 
synthetic data, the statistics of correct human evaluation (who are not infallible or unbiased), 
and various other factors. Whether it can completely eliminate model collapse, especially if 
the model continues to be largely trained on synthetic data (even if filtered through RLHF), is 
a subject of ongoing research [10, 11]. 

Reasoning in new models, introducing the concept of internal agents within models, 
launching computations only in relevant parts of the model, and other improvements can 
significantly slow down model collapse. Collaboration between differently structured models 
might bring synergy and thus some improvement, but likely won't completely prevent model 
collapse in the case of fully automatic closed-loop training [12]. 

 

7. Discussion and Conclusion 

If we follow the path of evidence as understood by contemporary science of communication 
systems and computers, fundamental limitations arise from applying Shannon's DPI to AI 
models. This means that the gradual loss and degradation of information preclude unlimited, 
automatic, cyclical improvement and development of models on their own synthetic data 
without human contribution. Humans possess consciousness, a somewhat mysterious and 
currently misunderstood property, which is likely non-computable, non-algorithmizable.  



From this perspective, consciousness will not emerge from a computer simply by sufficiently 
increasing computational power. Nor will it emerge from a quantum computer as currently 
conceived, as even that represents (at least in principle) a computable system. Generative AI 
models can contribute to accelerating progress because their combinatorial capabilities (S1) 
can rapidly analyze vast amounts of data, thereby presenting valuable, albeit not fully 
validated, outputs. The total capacity of S1 is now composed of humans and AI. However, 
final validation of outputs (from both human and AI S1) can only be performed by humans 
using S2, consciousness, and experience. Thus, the capacity of S1 has significantly increased 
following the introduction of generative AI models, while the capacity of human S2 remains 
unchanged. Therefore, it is necessary to consider the consequences of the unintentional 
contamination of training data with unvalidated synthetic data. This is already happening via 
the internet, where a large volume of synthetic data (images, articles) is published. Such data 
unintentionally becomes training data for future models. Their model collapse might manifest 
by feeding less relevant outputs back onto the internet, restarting such a loop. Models thus 
begin to "eat their own tail."  

In the future, we must ensure such developments do not damage AI models and, with them, 
the entire human knowledge base, primarily represented by data on the internet. Instead of the 
expected singularity, where AI surpasses humans in all aspects, an information decline could 
occur instead. My perspective on the S1 and S2 systems stems from a certain interpretation of 
current knowledge and its limits. It may be falsified in the future; in its presented form, it is a 
hypothesis. If true, the question remains how computers could gain access to System 2, i.e., 
primarily whether consciousness can be induced in machines.  

Hypothetically, possibilities might lie in the currently misunderstood properties of the 
quantum sub-microworld, as suggested, for example, by Robert Penrose in his Orch OR 
theory [8]. For completeness, however, it must be noted that Penrose's theory is one possible 
interpretation; other approaches exist, such as Integrated Information Theory (IIT), which 
attempt to quantify consciousness [13]. Perhaps the technological singularity, where AI 
surpasses humans in all aspects, cannot occur within the current data processing paradigm. 
Perhaps it could arise if we unravel the mystery of consciousness and equip machines with it, 
if that is possible.  

Such conscious machines would contain both S1 and S2 systems, while not being limited by 
spatial and memory capacity like the human brain. If machines gained consciousness (S2), 
they could theoretically surpass human limitations and lead to a singularity, but without S2, 
DPI likely remains an insurmountable limit. 
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